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Abstract 
 Coastal populations along the Atlantic Coast of the United States face a persistent threat 
of tropical cyclones. Tropical cyclones of any strength can cause significant damages and losses 
to both life and property. As coastal populations continue to rise in a changing climate, the power 
of knowing which communities are the most and least vulnerable to future tropical cyclone 
events can assist in mitigating some of the losses. This paper explores the factors that make a 
coastal community more or less vulnerable to tropical cyclones based on prior natural hazards 
research and creates a relative index that will tell what counties along the Atlantic Coast are the 
most and least vulnerable to tropical cyclone events. This index uses normalized and 
standardized social demographic data as well as historical physical factors to create a summative 
index that is widely applicable. In this paper, the index was calculated for 2015 census data and 
1980 census data in order to provide a look at changes in vulnerability over time. The index in 
both time periods highlights the relative greater vulnerability of counties that exhibit greater 
numbers of marginalized or poorer populations and experience tropical cyclone events more 
frequently. Those counties that are better prepared for tropical cyclones are primarily counties 
with greater levels of wealth. These patterns of vulnerability to tropical cyclones are clear and in 
a climate that has the possibility of producing increasingly more devastating storms, knowledge 
of these factors and patterns provide useful insights that can be used to help better respond to 
future events. 
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1. Introduction 
Tropical cyclones consistently pose a major threat to coastal communities. Tropical cyclones 
of any strength have the ability to cause substantial property and crop damage, and notably 
stronger storms have the power to put significant populations in danger of serious injury or even 
death. The difficult nature of predicting when and where a tropical cyclone will make landfall 
adds to the danger of these natural hazards and being prepared as a community is often the most 
vital aspect to reducing the effects of these storms. 
The Eastern Coast of the United States in particular is one of the most commonly affected 
areas with respect to tropical cyclone landfalls (Landsea 2017). With a large coastline spanning 
from the Texas in the Gulf of Mexico all the way up to the shores of Maine in the Northern 
Atlantic, the probability of a tropical system moving along the easterly trade winds making 
landfall in the United States is more common than many other areas. The compounding reason 
why this is problematic is due to the concentration of people on the East Coast of the United 
States where large populations live, a number which continues to grow every year (NOAA 
2013). 
In recent years, the 2017 and 2018 Atlantic Hurricane Seasons have spawned some extremely 
devastating storms. Hurricane Harvey in 2017 is estimated to have cost about $125 billion in 
damages. Harvey is still second, however, to Hurricane Katrina which made landfall in 2005 and 
cost an estimated $161 billion in damages (OCM, n.d.). A NOAA graphic depicting the five 
costliest storms is shown in Figure 1. Tropical cyclones of any strength can cause substantial 
damages, however, such as was seen with Tropical Storm Allison in 2001 (Stewart 2001). For 
this reason, it is important to understand what communities along the East Coast are the most 
susceptible to damages incurred from tropical cyclones.  
Various dimensions of a coastal community can be analyzed to determine which 
communities display characteristics that are commonly linked with higher vulnerability to 
natural hazards, or in this case, future tropical cyclones. This relies heavily on research in the 
natural hazards field focused on social and environmental vulnerability.  
The goal of this paper is to identify what counties located on the Eastern Coast of the United 
States are the most and least vulnerable to future tropical cyclones. To do so, a composite index 
score will be calculated that takes into account both social and physical characteristics of each 
study area county as is standard for natural hazard vulnerability research as defined by Susan 
Cutter (Cutter 2003). This will create a relative index that will highlight those counties that are 
most and least vulnerable.  
The index was created using social demographics from the 2015 American Community 
Survey along with Atlantic Tropical Cyclone data that stretches from 1980 to 2015. Using this 
data, standardized values can be placed into a Principal Components Analysis (PCA) to reduce 
the variables to a few overall factors. These factors were then used in a summative model based 
on the PCA that will give a total index score of vulnerability. Social data from 1980 and 2015, in 
addition to hurricane climatology data, were used to determine relative vulnerabilities across the 
Gulf and Eastern U.S. seaboards.  
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Figure 1. Top 5 costliest tropical cyclones on record according to NOAA. (Adapted from the 
Office of Coastal Management: https://coast.noaa.gov/states/fast-facts/hurricane-costs.html) 
 
The result will be a detailed look at specific tropical storm vulnerability of Eastern seaboard 
counties in the United States across two time periods. This will give a unique view of a specific 
natural hazard over a large study area to help gain a better understanding of what makes a county 
more or less susceptible to tropical storms. Prior to introducing the methods and results, it is first 
important to have a deeper understanding of the current state of both tropical storm studies as 
well as natural hazard vulnerability.  
 
2. Background (Literature Review) 
2.1 Tropical Cyclones/ Hurricanes Climatology 
 Tropical cyclogenesis, the formation of a tropical cyclone, is vital to understanding 
vulnerability in the sense that it is important to understand the conditions necessary to have a 
tropical cyclone. Without the necessary conditions, the natural hazard itself is not possible.  
 Tropical cyclogenesis occurs when a sufficiently large low-pressure system, typically a 
thunderstorm system or other pressure system disturbance, moves out over warm ocean water 
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and begins to cycle warm and cold air around a center eye (NOAA, n.d.). This system then 
begins to spin around a center eye structure and as long as vertical wind shear remains minimal, 
the thunderstorm activity and warm ocean water will continually fuel the system with energy to 
create a tropical cyclone. The tropical cyclone will then persist, and possibly strengthen, as long 
as its convective cell continues feeding it warm ocean water.  
 A tropical cyclone is often classified based on the Saffir-Simpson scale as seen in Table 1 
(Schott 2019). To be classified as a hurricane, a tropical cyclone must have sustained winds of at 
least 74 mph, which will classify the system as a Category 1 storm. Category 5 Hurricanes 
feature sustained winds of at least 157 mph. Tropical storms are tropical cyclones below the 
hurricane wind threshold, but can produce just a much damage as higher-category hurricanes. 
Since the cutoff between hurricane and tropical storm is arbitrary (the difference between 73 
mph and 74 mph is very little), it is thus important to take into account tropical storms when 
assessing tropical cyclone vulnerability.  
Table 1. Saffir-Simpson Hurricane Wind Scale descriptions using classification scheme 
from the NHC (NHC, n.d.). 
Strength Sustained Winds (mph) Expected Damage 
Tropical Storm 39-74 Some Damage 
Category 1 74-95 Some Damage 
Category 2 96-110 Extensive 
Category 3 111-129 Devastating 
Category 4 130-156 Catastrophic  
Category 5 >156 Catastrophic  
 
 According to the National Hurricane Center, tropical cyclogenesis is generally restricted 
to around the 30-degree latitudes (North or South) (NHC, n.d.). For the North Atlantic basin, the 
study area, this means tropical cyclogenesis generally occurs off the coast of Africa and 
surviving systems ride easterly trade winds to the Eastern Coast of North America. More 
specifically, the Atlantic Hurricane season generally runs from June 1st to November 30th as the 
necessary conditions for tropical cyclogenesis generally occur at this part of the Atlantic basin 
during these months. Figure 2 is from the NHC and describes the general recurrence of tropical 
cyclones on a month-by-month basis for the Atlantic basin. 
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Figure 2. Recurrence graph depicting the number of tropical cyclones per month during the 
Atlantic Hurricane season. (Adapted from the NHC https://www.nhc.noaa.gov/climo/) 
 
 Besides the basic understanding of where and when tropical cyclones form in the Atlantic 
basin, it is very difficult to accurately forecast the amount and average strength of tropical 
cyclones on a year-to-year basis. Lian Xie and Tingzhuang Yan in a 2005 study noted the very 
high variability of Atlantic basin tropical cyclones on a year to year basis. For this reason, much 
of the effort spent researching tropical cyclone climatology is spent in trying to find patterns and 
meteorological elements that best determine the likelihood of tropical cyclone formation. Xie 
and Yan pointed to variations in air and ocean currents such as the North Atlantic Oscillation and 
El-Nino-Southern Oscillation as major determinants in the activity of cyclogenesis during the 
Atlantic Hurricane Season. 
 Another major area of continuing research is understanding anthropogenic climate 
change’s influences on tropical storm climatology, with particular emphasis on frequency trends 
in recent decades. The Geophysical Fluid Dynamics Laboratory (GFDL), a department of the 
NOAA, recently released a summative report (2019) pooling the research put into understanding 
the outlook for tropical cyclones in the face of a rapidly changing climate. In this report, they 
note that it is likely that tropical cyclone rainfall amounts will increase globally, the general 
intensities of tropical cyclones will increase, and the proportion of tropical cyclones reaching 
Category 4 or 5 will increase. They also note that the already known rise in sea level will further 
increase the damages associated with tropical cyclones of all intensities due to heightened storm 
surges and the associated flooding. Research from Stanley Goldenberg and P.J. Webster had 
already highlighted many of these same trends and further predict that damages from tropical 
cyclones will likely increase in intensity (Goldenberg 2001; Webster 2005).  
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 The rate of tropical cyclone formation has not statistically increased and in turn shows no 
actual trend in an increase in the number of tropical cyclones (Landsea, 1992; 2006). This again 
does not discredit the notion that the tropical cyclones that do form will be of greater intensity 
and more likely to cause greater damages. A 2005 study by Kerry Emanuel found that the 
destructive power of tropical cyclones had doubled in the last 30 years (2007). This idea that our 
current changing climate causing the likelihood of experiencing stronger tropical cyclones 
coupled with rising sea level only furthers the idea that it is valuable to understand what 
communities are more vulnerable to damages incurred from a tropical cyclone. 
 
2.2 Natural Hazard Vulnerability Research 
 In general, much of the research in the field of natural hazard vulnerability broadly 
highlights what features of a place or community make them more or less vulnerable. In other 
words, most vulnerability research has taken place in the context of including all forms of natural 
hazards.  
 When specifically talking about vulnerability research, it is important to first know what 
the definition of vulnerability is currently understood to be. This distinction is widely given to 
Susan Cutter in a 1996 paper where she tried to bring together all commonly used definitions of 
vulnerability. In the paper, she sought to define vulnerability as the combination of social and 
biophysical factors for a given place. This idea, known as ‘hazard of place’, became widely 
accepted in the literature and is still the most commonly accepted view of what vulnerability 
should be studied as at a fundamental level. Cutter described social factors as those 
demographics of community such as population demographics, economic measurements, etc. 
and the biophysical factors as those physical characteristics such as likelihood of natural hazards, 
topographic features, or common intensity of natural hazard events in the area.  
 Using ‘hazard of place’ as a baseline for understanding natural hazard vulnerability, it 
became easier for researchers to study vulnerability as it was now largely unified under one 
common definition. The National Research Council, a former arm of the U.S. National 
Academies, officially released a report in 2006 that defined hazard vulnerability as the potential 
physical harm and social disruption to societies and their larger subsystems associated with 
hazards and disasters (2006). Again, Cutter’s idea of dealing with natural hazard vulnerability as 
a composite of the social and physical makeup of a community is highlighted. Cutter along with 
Kevin Borden further clearly defined vulnerability in a 2007 report as “the susceptibility to harm 
from the risk posed by hazard events at a particular location as well as the potential for social 
disruption from such events” (2007). 
 Turning now to modelling vulnerability, one of the main goals of this study, vulnerability 
is very easily modelled using GIS technologies. Susan Cutter in 2003 developed the Social 
Vulnerability Index (SoVI) (2003). In this paper, Cutter described a defined list of social 
demographic variables that often explain the level of vulnerability of a community. Using a 
Principal Components Analysis, Cutter reduced the variables into a set of factors that could then 
be used to create a summative index that depicts the relative vulnerability of a community 
compared to the others in the study. This approach to natural hazards vulnerability research 
became the standard, as most vulnerability research now tends to come up with some sort of 
relative index that works to show vulnerability in a numerical way.  
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 In the 2007 Borden paper, all major United States metro areas were examined for their 
vulnerability to all possible natural hazards, as well as a few other hazards such as terrorist 
attacks (2007). In this paper, Borden built off the SoVI created by Cutter and built a relative 
index that also had a physical and built environment component. This form of composite 
vulnerability index based on different categories is the other common approach to vulnerability 
research. In both cases, it is vital in hazards research to use standardized statistics, most 
commonly z-scores, for any raw variable used in the model. This in turn is composited based on 
the factor reduction from a Principal Components Analysis and summed using the correct 
cardinality, as some factors increase vulnerability while others decrease vulnerability.  
 These factors that commonly increase or decrease vulnerability to natural hazards are the 
other major area of study for natural hazards research. As was the case with modelling 
vulnerability, understanding what effects vulnerability was largely revolutionized by Susan 
Cutter. Cutter in both her 1996 and 2003 papers describes various characteristics that are most 
commonly linked with greater or lesser vulnerability (1996; 2003). In particular, Cutter 
synthesized all significant prior research on what social demographic characteristics increase or 
decrease vulnerability. A few selected social dimensions and their effect on vulnerability are 
described in Table 2. Of the most prominent findings for the purposes of this study, she found 
that increased measures of wealth decrease vulnerability, lower levels of socioeconomic status 
(political, economic, etc.) increase vulnerability, higher percentages of females will increase 
vulnerability, higher percentages of dependent-aged populations (younger than 5, older than 65) 
increase vulnerability, and higher percentages of minority races/ethnicities can increase 
vulnerability.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
7 
 
Table 2. Table showing a few selected social demographic concepts (relevant to this study) that are 
often studied in hazards research for their effect on vulnerability as synthesized by Cutter (2003). 
Concept Description Effect on Vulnerability 
Wealth 
The wealth of a community often influences the ability of 
a community to receive and seek out the necessary help 
needed to recover from a natural hazard.  
Wealth (-) 
Socioeconomic 
Status (Social 
Status) 
Populations of lower socioeconomic status will often lack 
the knowledge or resources to respond well to natural 
hazards. 
Unemployment (+); 
Uneducated (+); Low 
Social Status (+); Poverty 
(+) 
Gender 
Females are less likely to have access to sufficient 
recovery mechanisms. 
Gender: Female (+) 
Race and 
Ethnicity 
Minorities often face cultural and language barriers that 
prevent them from seeking out recovery mechanisms. 
Minorities also often have lowered socioeconomic status. 
Black (+); Hispanic (+); 
Native American (+); 
Asian (Primarily - but 
some instances of +) 
Age 
Kids and the elderly often lack the necessary mobility or 
means to access standard recovery mechanisms 
independently. 
Population Aged Under 5 
or Over 65 (+) 
Property 
Integrity 
Structural integrity can make a building more or less 
vulnerable to being destroyed during a hazard. 
Mobile Homes (+) 
Renters 
Renters are often transient workers or people of lower 
wealth meaning they commonly face barriers to recovery. 
Renters (+) 
Occupation 
People employed in industries that have poor recovery 
from natural hazards, such as the extractive industries, 
often become unemployed in the aftermath reducing 
their ability to recover. 
Extractive (+); Low-Skill 
Service (+); High-Skill 
Service/Administrative (-) 
 
 The 2007 report by Borden again built on much of what Cutter had built up when it 
comes to understanding the qualities of a community that affect their vulnerability (2007). In his 
report, he had separated out social characteristics, built environment characteristics, and physical 
environment characteristics. The results of his PCA confirmed many of the same notions that 
Cutter had found for social characteristics, but his research expanded on some of the physical 
characteristics. He highlighted things such as past losses from natural hazards, namely fatalities, 
property damages and crop damages. This data, he reasoned, provided an analog to past 
examples of the hazard to provide some gauge as to how future events would affect the 
community. He also looked at return intervals of a given natural hazard as the frequency at 
which a community is affected by the natural hazard will directly tie into how vulnerable they 
will be due to risk of exposure. He also had a category dedicated to the number of natural 
hazards that can occur to a given community but given that this study is focused on tropical 
cyclones only, this category of physical vulnerability is not applicable. 
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 The amount of research in the field of natural hazard vulnerability is noticeably scarce 
and, in most cases, able to be traced to a few capstone studies. Furthermore, most research in 
natural hazard vulnerability is also so broad such that it can be applied (or accounts for) any 
possible natural hazard. For this reason, most of the current understanding of vulnerability to 
natural hazards can be boiled down to the work of Susan Cutter, who helps to update the SoVI 
on a yearly basis, and the 2007 Borden paper. When talking about vulnerability specifically to 
tropical cyclones, the research is even more scarce, but a lot of the principles laid forth by Cutter 
can still be applied with the exception of the physical characteristics as laid out by Borden as 
they must be adjusted to the specific natural hazard in question. 
 
2.3 Vulnerability to Tropical Cyclones 
 The last area of research that needs to be examined before delving into the findings of 
this study is research dealing specifically with vulnerability to tropical cyclones. As was 
mentioned when speaking of general natural hazard research, the breadth of available research on 
specific hazards is limited. In most cases, any vulnerability study dealing with specific natural 
hazards is limited to a single case study (Bjarnadottir 2011; Wang 2012; Stafford 2016). In these 
studies, an index is generally created in a similar vein to SoVI but it is instead applied to a single 
hazard, typically applying the physical properties of the given hazard. These papers then apply 
their index to usually one given location. The index created in this paper covers a larger area than 
is typically seen in tropical cyclone hazard research.  
For property damages, there is a noticeable trend that as coastal populations continue to 
increase in size, and wealth, the potential value of damages caused from tropical cyclones will 
also continue to increase (Pielke 2005). Pielke also noticed that 85% of all tropical storm related 
damage was caused by Category 3 or greater hurricanes, but these events only comprised 24% of 
the landfalls in the U.S. given their study period. Combined with what is expected of tropical 
cyclone climatology in the coming decades, it can then be reasoned that property damage from 
tropical cyclones is likely to continue to increase (GFDL 2019). A report from the National 
Hurricane Center in 2018 describes the costliest tropical cyclones to make landfall in the U.S. 
and among these storms, all but 3 storms have occurred in the last 40 years (with 7 of the top 10 
occurring 2005 or later) (NHC 2018). Furthermore, as a counterpoint to Pielke (2005), 8 of the 
top 20 storms were actually weaker than a Category 3 storm which serves to help prove the need 
to consider cyclones of all strengths when assessing vulnerability to tropical cyclones. This 
notion was stated already by the NHC in their 2011 report saying that “continued coastal growth 
and inflation will almost certainly result in every future major landfalling hurricane (and even 
weaker hurricanes and tropical storms) replacing one of the current costliest hurricanes” (Blake 
2011).  
Fatality and injury research related to tropical cyclones is generally restricted to 
government reports from Edward Rappaport of the NHC. Rappaport has released numerous 
reports about fatalities related to tropical cyclones in the past few decades, one of the most 
prominent being his 2014 report (Rappaport 2014). In this report, it is noted that most fatalities 
caused from tropical cyclones are a result of drowning due to storm surges or extended periods 
of rainfall. Landfalling tropical cyclones do not produce an expected number of fatalities (even 
depending on strength) as the circumstances that cause fatalities in a tropical cyclone event are 
not evenly distributed across storms. In other words, fatalities and injuries from a tropical 
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cyclone are extremely storm and place dependent as strength of the cyclone does not correlate 
exactly to fatality and injury number. Rappaport found that only 3 of the 10 deadliest storms 
(over his study period) were actually Category 3 or greater. He also found that the deadliest 6 
storms account for two thirds of all fatalities, of which Hurricane Katrina was responsible for 
40% of all fatalities from 1964 to 2014. This shows that while fatality and injury numbers caused 
by tropical cyclones is still important and possibly revealing of what communities are the most 
vulnerable, there is fundamentally an ability to avoid death from tropical cyclones. This points 
towards property damages and the social vulnerabilities as perhaps some of the most vital aspects 
of understanding tropical cyclone vulnerability.  
As mentioned, most of the studies conducted involving a strict focus on tropical cyclone 
vulnerability are limited to case studies. A study conducted by Wang and Yarnal (2012) looked 
at the vulnerability of elderly aged people in Sarasota County, Florida. Their research looked at 
both physical and social indicators of vulnerability, as is attempted in this paper. They found that 
certain demographics and locations place elderly people, a population that is already at higher 
risk to natural hazards, at varying levels of vulnerability. This result is consistent with the 
broader findings in natural hazards research, but for tropical cyclone vulnerability specifically it 
was still a very narrow focus area, and for this paper it was the goal to build an index that could 
display relative vulnerability over a larger area. 
This paper looks to build off one particular case study and try to apply it to a larger area. 
Conducted by Bjarnadottir, Li, and Stewart (2011), their paper looked at creating a coastal 
vulnerability index for tropical cyclones. In their index, they applied the same methodology as 
Susan Cutter for indexing social vulnerability. For their physical hazards, they looked at storm 
surge modelling, return intervals and wind field probabilities to predict how often a community 
would experience winds and storm surges of a certain strength and height. Their study only 
includes Miami-Dade County and in turn sought to predict the change in vulnerability projected 
into the future based on various climate change models. In attempt to build off of this study as 
well as branch into an area that is not well represented in the literature, this study looks to apply 
a different mixture of Cutter’s SoVI and historical physical data from tropical cyclones to create 
a relative index for all coastal counties. Thus, this research will represent a unique look at 
tropical cyclone specific vulnerability. 
 
3. Methodology 
3.1 Study Area 
 For this study, the goal was to determine the most and least vulnerable United States 
counties to future tropical cyclone events. This distinction immediately reduced the potential 
counties of study to those areas that experience tropical cyclones. In the United States, tropical 
cyclones can affect both the Eastern and Western Coasts (NHC, n.d.). Despite this, the Eastern 
Coast has a much more active threat for tropical cyclone landfalls than the western coast. The 
Atlantic Basin is the second most active region for tropical cyclones, behind the North Pacific 
Basin, but significantly more storms have made landfall on the East Coast than the West Coast 
(Weinkle 2012). This means that it made the most sense to limit the study area to the East Coast 
of the United States to capture the area that faces the greatest threat to future tropical cyclones. 
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 The next step was to determine the precise area along the East Coast that would provide 
the most useful analysis for determining relative vulnerability. To make this decision, a few 
factors were considered. Firstly, the scope of previous tropical cyclone vulnerability works was 
considered. In every case, the studies used single area case studies to develop their method of 
assessing vulnerability. The purpose of this study is to provide a model that could be used to 
index a wide area for relative vulnerability so it made the most sense to include the entire length 
of the East Coast as this would provide a look at vulnerability along the entire coastline that is 
subject to the greatest probability of tropical cyclone landfalls. This would then provide a larger 
model to use as compared to the case studies of Miami-Dade County in Bjarnadottir’s 2011 
study or Wang’s study in Sarasota, Florida (Bjarnadottir 2011; Wang 2012).  
 From there, it was then important to consider how far inland to consider. In most cases, 
tropical cyclones are at their strongest during the immediate landfall and then dissipate in 
strength substantially as they most inland as they lose their warm water source (Cangialosi 
2012). Thus, it stands to reason that the largest impacts felt from a tropical cyclone will be those 
counties that can experience direct landfall. This is one reason why the study area was restricted 
to those counties that have a shoreline on the Atlantic Ocean. Furthermore, these are the only 
counties that will experience the direct effects of storm surges which Edward Rappaport has 
mentioned as one of the largest sources of damages and fatalities in tropical cyclone events 
(2014).  
The major exception to the selected study area of this project is the inclusion of all 
Florida counties. The major reasoning behind including all of Florida is due both to the 
frequency of tropical cyclone landfall in Florida as well as the fact that Florida is a peninsula. As 
a peninsula, Florida represents a unique scenario where tropical cyclones can cross over the 
peninsula and reach open water again. This process has occurred numerous times and allows for 
a tropical cyclone to maintain as well as possibly strengthen further. The size of a tropical 
cyclone system is generally agreed to be on average about 40 km, where the radius of the storm 
is typically 20 km with an eye structure that is 20 km wide (Brettschneider 2007). This is only 
the average size of a system, but many systems are large enough to cover all of the Florida. 
Another major consideration for including all the counties in Florida is the frequency in which 
Florida experiences tropical cyclones, which Brettschneider (2007) makes clear, is the most 
commonly affected state in the United States.  
In total, the final study area consists of 243 Eastern Coast counties stretching from Texas 
all the way up the coast to the state of Maine (Figure 3). This allows complete coverage of all 
possible landfall locations of a tropical cyclone in the United States and will allow for a larger 
analysis of the most vulnerable counties in the United States, avoiding the use of a single case 
study. All 243 counties are named in the Appendix A with relevant population counts. 
 
 
 
 
11 
 
 
Figure 3. Map depicting the 243 counties used for the creation and implementation of the 
tropical cyclone vulnerability index created in this paper. 
 
3.2 Data Selection and Collection 
 Natural hazard vulnerability research depends heavily on the collection of large sets of 
social and physical data. In the case of creating a vulnerability index, the first decision is what 
variables are determined to be the most diagnostic for determining a community’s vulnerability. 
This would include decisions of whether to only look at social demographics or whether it is 
important to include physical variables dependent on the specific natural hazard or set of natural 
hazards. The 2007 Borden vulnerability index was used as one of the main inspirations for the 
decision of how the index for this study would be created. Borden used a mixture of Susan 
Cutter’s social vulnerability index and added his own categories for built environment and 
natural hazard vulnerabilities (2007). In this study it was determined that social and a few select 
natural hazard variables would capture the most useful information about tropical cyclone 
vulnerability.  
Susan Cutter synthesized the framework that is most commonly used for vulnerability 
indexing on the social side of vulnerability (2003). Her 2003 research work became the basis and 
earliest form of the SoVI index. In her calculation of the index, she highlighted a total of 42 
independent social variables to be collected due to their relevance to measuring social 
vulnerability. These variables encapsulated all the social categories that could be used to measure 
vulnerability as determined by previous hazards research. This variable list has since been 
12 
 
refined by the Hazards & Vulnerability Research Institute at the University of South Carolina for 
the most recent update in SoVI calculation to a succinct list of 29 variables (HVRI 2015). This 
list of 29 variables was then used as the model to be applied into the index created in this study. 
The specific selection of variables was determined on the basis of the factors past hazards 
literature deemed as the most diagnostic as well as their availability as some of the variables 
selected by Cutter were not readily attained for both the 2015 and 1980 time periods that this 
study set out to view. The social variable selection for this study returned a list of 22 variables, as 
seen in Table 3, with a total of 7 variables being omitted from Cutter’s SoVI formula for ease of 
acquiring the necessary data for the study area counties given the chosen time periods.  
Table 3. Chosen social variables to be considered for the tropical cyclone vulnerability index. 
Variable Description 
QAsian (zQAsian) Percentage of population that is Asian 
QBlack (zQBlack) Percentage of population that is African American 
QHispanic (zQHispanic) Percentage of population that is Hispanic 
QNAmerican (zQNAmerican) Percentage of population that is Native American 
QPop5or65 (zQPop5or65) 
Percentage of population under age 5 or older that 
age 65 
MedianAge (zMedianAge) Median age of the county 
QPoverty (zQPoverty) 
Percentage of households in county below poverty 
line 
QHighIncome (zQHighIncome) Percentage of households making over $200,000 
PerCap (zPerCap) Per capita income of the county 
QFemale (zQFemale) Percentage of population that is female 
QFemHouse (zQFemHouse) 
Percentage of households with a female head of 
house 
Q12thGrade (zQ12thGrade) 
Percentage of adults 25 and older with less than a 
complete 12th grade education 
QCivUnem (zQCivUnem) Unemployment percentage of county 
QRenters (zQRenters) Percentage of population that rents 
MedHouseVal (zMedHouseVal) Median housing value of the county 
MedGrossRent (zMedGrossRent) Median value of gross rent in the county 
QMobHomes (zQMobHomes) Percentage of households that are mobile homes 
QExtractive (zQExtractive) Percentage employment in the extractive industries 
QService (zQService) Percentage of employment in the service industries 
QFemLabPartic (zQFemLabPartic) Percentage of females participating in the labor force 
QNoCar (zQNoCar) 
Percentage of households without an available 
automobile 
QUnoccUnits (zQUnoccUnits) Percentage of vacant housing units 
 
To acquire this data, raw census statistics were required for two time periods, 1980 and 
2015. The 1980 data was acquired at the county level from the 1980 United States Census 
(Mason 2019). The 2015 data was acquired using the 5-year data from the American Community 
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Survey from 2015 (Mason 2019). All data was placed in a spreadsheet program for ease of 
display and editing. These sources provided raw data on the population counts of the study area 
counties (excluding median and per capita statistics), but Cutter’s formula relies on normalizing 
the raw numbers to percentages in order to adjust for differences in county populations and 
households. This was done by using the total population and households counts respectively and 
dividing the specific raw data by these totals in a spreadsheet program to gain the population-
relative statistics (normalized population statistics and household statistics). These adjusted 
statistics were now in the same form expressed by Cutter’s SoVI variables. 
For the physical hazard variables, it was important to consider what would be the most 
indicative of the threats caused by a tropical cyclone. One way to do this was proposed and put 
into action by Bjarnadottir in the 2011 Coastal Community Vulnerability Index in which 
probable wind fields and expected storm surges were used to quantify the possible threat 
imposed by future hurricanes (2011). This method, however, is typically only useful for local 
case studies as wind field and storm surge modelling is hard to project over large areas due to 
variabilities in climatology at different latitudes. For this reason, it was decided to approach the 
physical hazards in a more simplistic way using historical data instead. This meant analyzing 
return intervals, past property damages, and past fatality and injury reports. Using these variables 
for a county would then be useful for capturing past examples of tropical cyclones in each county 
to create a baseline gauge for how vulnerable the county is. It is then reasoned by this decision 
that we can assume that past tropical cyclone events can capture the vulnerability for a county. A 
limitation of this method that must be acknowledged is that past landfalls cannot account for the 
increase in property values as past landfalls will only account for the deflated and perhaps 
underdeveloped values of the past. 
To obtain the data necessary to create the physical variables for the index model, two 
sources were used. The Atlantic Basin tropical cyclone best track data set was acquired from the 
NOAA from their International Best Track dataset (Knapp 2018). The data on past tropical 
cyclone damages, injuries and fatalities was acquired from the Spatial Hazard Events and Losses 
Database for the United States (SHELDUS) (CEMHS 2018). These two data sets would then 
allow for the preparation of four independent variables to be used to calculate a physical hazard 
vulnerability component of the total vulnerability index. 
The best track data collected GIS data on all tropical cyclone paths from 1950 to 2018 in 
every ocean basin, all Atlantic basin tracks are shown in Figure 4. This data must be filtered then 
to the relevant study area and time period. To do this, the best track data was placed into a GIS 
program and filtered using Sequence Query Language (SQL) selections to only include those 
storms that occurred in the North Atlantic Basin and during the time period of 1980 to 2015. This 
period of time represents a period of time where satellite data on tropical cyclones is very 
reliable (prior to 1980s it either does not exist or is not as reliable) and it covers the entire gap in 
time from the 1980 social data and the subsequent 2015 data (Brettschneider 2008). It was also 
important to only include those storms that actually made landfall on the East Coast, with 
landfall being defined as a storm that came within 50 km of the shoreline as outline by 
Brettschneider. This was accomplished by creating a dissolved buffer of 50 km around every 
storm path in the basin and then running a subsequent intersect with the East Coast shoreline. 
This produced a data set that contained all relevant storms to the study area and time period.  
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Figure 4. International Best Track Version 4 tracks for all tropical cyclones from 1970 to 2018 
in the North Atlantic Ocean basin (Knapp 2018). 
 
The next step involved filtering the landfalling cyclones such that the only cyclones 
considered were those that had a potential of causing damage. To do this, it was important to 
consider the strength of a tropical cyclone necessary to cause damage on a regular basis. In most 
cases, a tropical cyclone can cause variably significant damage upon reaching tropical storm 
status (39 mph – 73 mph). On a more consistent basis, Category 3 (111 mph – 129 mph) or 
stronger tropical cyclones will often cause catastrophic damage (Schott 2019). For this reason, it 
was decided to count the number of times a particular county was affected by a tropical cyclone 
that was of at least Tropical Storm strength but less than a Category 3 as one category and those 
Category 3 and above as another. This means that the remaining relevant cyclone tracks were 
filtered using SQL to select by strength into two separate categories, removing all tracks and 
portions of tracks in which a storm was below tropical storm strength. This left tracks of at least 
tropical storm strength and they were now distinguished into a major and minor category. Figure 
5 depicts all intersecting paths with the study area counties distinguished by major and minor 
status. 
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Figure 5. Filtered International Best Tracks down to relevant Major and Minor tropical cyclone 
landfalls in the study area (Knapp 2018). 
 
The total times a county was struck by a major or minor hurricane over the thirty-year 
time period was then calculated in a GIS program. This was done by running a spatial join 
between a shapefile containing all of the study area counties and the subsequent major and minor 
tropical cyclone shapefiles. These counts were then converted to a spreadsheet so that a 
recurrence interval could be calculated. For this study, it was decided to use an inverse 
recurrence interval measurement since natural hazards research prefers to define the most 
vulnerable with higher numbers. The inverse recurrence interval would tell the likelihood of a 
certain event, in this case experiencing major or minor tropical cyclone events, occurring in any 
given year. To determine the inverse recurrence interval, the count for major and minor tropical 
cyclones was divided by the time period of the record which was 36 years. This returned then the 
most and least likely counties to be affected by a major or minor hurricane any given year based 
on the last thirty years of tropical cyclone data. 
To find the data necessary to display past tropical cyclone event the SHELDUS database 
was accessed (CEMHS 2019). SHELDUS contains data on injuries, fatalities, and economic 
losses (property and crop) from past natural hazard events from 1960 to the present. To obtain 
the relevant data for the study, the database had to filtered and sorted to only show tropical 
cyclone data for the relevant study area counties. This was performed by filtering the data set in a 
spreadsheet program to tropical cyclone events. The counties were placed into a pivot table in 
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order to provide the sum of per capita fatalities and injuries as well as well as 2017-adjusted 
property and crop damages for each county as this combined all events on record. The counties 
and their tropical cyclone statistics were then placed into an index match sheet to be referenced 
with the social data that was previously collected. This allowed for the easy extraction of all 
relevant study area counties. This also completed the collection of all physical variables that 
were chosen to be used for this index as described in Table 4. 
Table 4. The physical variables chose for the tropical cyclone vulnerability index. 
Variable Description 
Inverse Recurrence Interval Major 
(zMajorRecurrence) 
Likelihood of a Category 3 or greater storm making 
landfall every year based on storm data from 1980 to 
2015 
Inverse Recurrence Interval Minor 
(zMinorRecurrence) 
Likelihood of a tropical storm to Category 2 strength 
storm making landfall every year based on storm data 
from 1980 to 2016 
Fatalities Per Capita (zFatalities) 
Number of Tropical Storm related fatalities adjusted to 
county population from 1980 to 2015 
Property Damage (zPropertyDamage) 
Sum of property damage (2017 Adjusted) caused by 
tropical storms from 1980 to 2015 
Crop Damage (zCropDamage) 
Sum of crop damage (2017 Adjusted) caused by tropical 
storms from 1980 to 2015 
 
 
3.3 Index Creation 
 After collecting all the necessary social and physical data, the next step was to create and 
run the index model. This index was heavily inspired by the SoVI and in turn follows the recipe 
necessary to calculate it (HVRI 2011). The recipe was modified such to only consider the chosen 
22 variables, instead of Cutter’s 29, and it adds a dimension of physical vulnerability using the 
historical tropical cyclone data for the study area counties. The SoVI index as crafted by Cutter 
looks to display relative vulnerabilities between the chosen study units (in this case counties). 
For this study, the index will be calculated using the same method as used in the SoVI 
calculation with the addition of the physical vulnerabilities to create a tropical cyclone 
vulnerability index (Cutter 2003; HVRI 2011).  
For the creation of this index, it is first necessary to standardize the raw data in order to 
place the data onto the same scale. For this study, all data was standardized to z-scores in order 
to allow the creation of an index that depicts relative vulnerability as z-scores show a specific 
data’s location in relation to the mean and standard deviations of the entire set. This means that 
every county’s social and physical variables would be ranked relative to each other and displayed 
as a score. The generalized formula for converting a data point to a z-score is: 
𝑧 − 𝑆𝑐𝑜𝑟𝑒 =  
𝑥 −  𝜇
𝜎
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where x is the data point, µ is the mean of the data set, and σ is the standard deviation of the 
population. Calculating the z-score was performed in a spreadsheet program using the 
Standardize equation.  
After acquiring all of the z-scores for the social and physical variables, the variables need 
to be reduced to test if variables are possibly measuring the same dimensions. The common 
method in hazards research to accomplish this is through a Principal Components Analysis 
(PCA) to reduce the number of variables down into subset of overall factors (Cutter 2003; HRVI 
2011; Bjarnadottir 2011; Borden 2007). To run the PCA, the social and physical variables were 
loaded into a statistics program and a factor reduction analysis was run on the social and physical 
set of scores separately. By running two separate PCAs, the social and physical scores were 
condensed to two different components of the overall index. The parameters of the PCA were set 
to a varimax rotation with a Kaiser criterion for selection as per the standard SoVI formula 
(HRVI 2011). The Kaiser criterion automatically excludes any factor that does not contain an 
eigenvalue of 1 as those lower are often deemed insignificant and explain very little variance in 
the data. 
Factors with eigenvalues over 1 typically indicate that they explain an important 
percentage of the variance assuming its components make logical sense, but despite this, the 
results of the PCA must be scrutinized for possible bad factors. Some factors do not make logical 
sense with their component loadings and given a low enough eigenvalue can be removed with 
justification (Kirby 2015). Within the factors, the components are also checked such that their 
component loading values are at least 0.500 and in addition to, make sense within the context of 
the factor it is loaded onto (HRVI 2011). Anything below 0.500 or ambiguous in its connection 
to what the factor is measuring can be justifiably removed from the factor. Any components that 
loaded on to multiple factors are also scrutinized for their logical placement in each of the factors 
they loaded onto and can be removed for ambiguity or redundancy.  
The results of the PCA for both the physical and social scores will return a set of factors 
that reduced the number of overall variables into larger themes. These themes such as wealth, 
age, socioeconomic status, etc. each have corresponding expected effects on the addition or 
reduction of vulnerability in the community as outlined earlier in this paper. For this reason, 
when studying the components of the factors, it is important to consider the effect that 
component will have on the overall vulnerability. As per Cutter and the SoVI recipe, these scores 
must be adjusted in their cardinality before they are placed into the index formula (Cutter 2003; 
HVRI 2011). An example would be something like per capita income, which could load 
positively onto a factor explaining wealth, but despite this positive sign it is known to be a social 
statistic that would overall reduce vulnerability. The cardinality of the corresponding z-score for 
per capita income would need to be adjusted with a negative one to depict its effect of decreasing 
vulnerability in the community when summing into the total for the factor. 
After making sure to scrutinize the cardinality of all of the factors, the aggregate separate 
factor z-scores can be added together to create the overall vulnerability index. In a generalized 
form, the index equation would look like: 
𝑇𝑜𝑡𝑎𝑙 𝑉𝑢𝑙𝑛𝑒𝑟𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑆𝑐𝑜𝑟𝑒 = 𝑆𝑜𝑐𝑖𝑎𝑙 𝑉𝑢𝑙𝑛𝑒𝑟𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑆𝑐𝑜𝑟𝑒 + 𝑃ℎ𝑦𝑠𝑖𝑐𝑎𝑙 𝑉𝑢𝑙𝑛𝑒𝑟𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑆𝑐𝑜𝑟𝑒 
where the social vulnerability score is the sum of the individual factor scores for the social 
variable scores and the physical vulnerability is the sum of the physical variable scores. This 
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gives a final relative score for vulnerability based on the various scores for all counties included 
in the study.  
 The final step was to then visualize the relative vulnerability of the study area counties to 
tropical cyclones. This involved tabulating the vulnerability scores using a spreadsheet program 
to filter the scores for the most and least vulnerable counties in each of the vulnerability 
categories. This data was then converted to a table in a GIS program and joined with the counties 
shapefile. The various measures of vulnerability were then displayed with a standard deviations 
or quantile classification scheme to accurately depict the relative vulnerabilities of each of the 
counties. 
 
4. Results and Discussion 
4.1  Recurrence Intervals 
 The recurrence of a tropical storm is an important aspect of the physical vulnerability 
category because it is inherently assumed that a county that experiences tropical storms 
frequently, both major and minor, will be more vulnerable than other counties due to enhanced 
risk since their exposure to the hazard is higher. The inverse recurrence interval gives the 
likelihood of the event occurring in any given year. 
 The first step to calculating was figuring out the number of times a county experienced 
either major or minor tropical cyclones. Table 5 gives the counties with the greatest number of 
major tropical cyclones over the 36-year time frame of hurricane tracks. Several counties had no 
major tropical cyclone event, so the lowest counties were not tabulated due to redundancy. Table 
6 gives the counties with the most and least minor cyclones in the same time period.  
Table 5. The thirty counties with the greatest number of major tropical cyclones (Category 3 or greater) 
from 1980 to 2015. 
State County Storm Count State County Storm Count 
Alabama Baldwin County 4 Florida Okaloosa County 2 
Florida Collier County 3 Florida Osceola County 2 
Florida Escambia County 3 Florida Palm Beach County 2 
Florida Monroe County 3 Florida St. Lucie County 2 
North Carolina Brunswick County 3 Florida Santa Rosa County 2 
North Carolina New Hanover County 3 Louisiana Lafourche Parish 2 
North Carolina Pender County 3 Louisiana Orleans Parish 2 
Alabama Mobile County 2 Louisiana St. Bernard Parish 2 
Florida Broward County 2 Louisiana St. Tammany Parish 2 
Florida Glades County 2 Mississippi Hancock County 2 
Florida Hendry County 2 Mississippi Harrison County 2 
Florida Highlands County 2 Mississippi Jackson County 2 
Florida Lee County 2 Texas Cameron County 2 
Florida Martin County 2 Texas Kenedy County 2 
Florida Miami-Dade County 2 Texas Willacy County 2 
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Table 6. The fifteen counties with the most and twelve with the least number of minor tropical cyclones (Tropical Storm to 
Category 2) from 1980 to 2015. 
State County Storm Count State County Storm Count 
North Carolina Carteret County 20 District of Columbia District of Columbia 0 
North Carolina Hyde County 20 Maryland Baltimore City 0 
North Carolina Craven County 18 Virginia Arlington County 0 
North Carolina Dare County 17 Virginia Fairfax County 0 
Florida Brevard County 17 Virginia Prince William County 0 
North Carolina Brunswick County 16 Virginia Stafford County 0 
Florida St. Lucie County 16 Virginia Alexandria City 0 
North Carolina Beaufort County 16 Maryland Anne Arundel County 1 
Florida Monroe County 15 Maryland Baltimore County 1 
North Carolina New Hanover County 15 Maryland Harford County 1 
Florida Martin County 15 Maryland Prince George's County 1 
Florida Palm Beach County 15 Massachusetts Nantucket County 1 
Florida Indian River County 15    
North Carolina Onslow County 15    
North Carolina Pamlico County 15       
 
 As expected, the portion of the study area that is most commonly affected by tropical 
cyclones is the Gulf of Mexico coast and the southernmost portion of the Atlantic shoreline. The 
states of Florida, North Carolina, Louisiana, Mississippi, and Alabama have experienced the 
most tropical cyclones of any strength, but most noticeably these states have experienced the 
most major tropical cyclones. This immediately highlights this region of the study area as an area 
that should show relatively higher physical vulnerability.  
For the most minor tropical cyclone occurrences, the North Carolina coastal counties 
compose most of the top fifteen. This is due to high probability of the remnants of a tropical 
cyclone post-landfall moving up to the northeast and clipping North Carolina. This represents a 
possible drawback to how the tropical cyclone tracks were filtered since many of the storm 
counts for the North Carolina counties are not true landfalls. The reason why these instances 
were still counted, however, is due to the fact that these remnants were still of tropical storm 
strength at a minimum, so in these cases they still fit with the overall criteria placed. The only 
downside is that this decision possibly weakens the choice to only include coastal counties as the 
effects of landfall are clearly diminished in these cases. Despite this, it is important to stick to 
coastal counties for this study due to the exposure to landfalling conditions, which is historically 
one of the greatest hazards associated with tropical cyclones.  
The counties that experienced the least amount of tropical cyclone events, in some cases 
no events, were located in the central Atlantic region centered in Maryland and Virginia. This 
result may seem interesting but the location of these counties places them uniquely at spot often 
more directly influenced by the location of the subtropical jet stream and the strength of the 
Azores High Pressure system over the North Atlantic (Xie 2005). Tropical cyclones are typically 
directed away from this spot on the coast due to a combination of these two features, most 
notably the subtropical jet stream with often steers systems too far to the east to impact these 
20 
 
portions of the coastline. For this reason, it is expected that these counties will likely show up as 
relatively less vulnerable physically. 
The final calculation of inverse recurrence interval converts these storm counts into the 
likelihood of a tropical cyclone, major or minor respectively, affecting a given county in any 
given year based on the historical occurrences. Figure 6 depicts the counties inverse recurrence 
interval for the major cyclones. Figure 7 depicts the counties intervals for minor cyclones. 
 
 
Figure 6. County inverse recurrence interval for major tropical cyclones (Category 3 or greater) 
based on storms over the period of 1980 to 2015. 
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Figure 7. County inverse recurrence interval for minor tropical cyclones (Category 3 or greater) 
based on storms over period of 1980 to 2015. 
 
4.2 Principal Components Analysis 
  A Principal Components Analysis was run for both the physical and social scores in order 
to reduce the number of variables into a smaller set of overall factors. This was done due to 
certain variables measuring the same dimensions. The final set of factors that the PCA 
highlighted would then become the overall components of the tropical cyclone vulnerability 
index. 
4.2.1 Physical Scores PCA Results and Final Physical Factor Identification 
 A PCA using the county z-scores of five different physical variables was run first. The 
five physical variables used are described in Table 4. The result of the rotated PCA for the 
physical variables produced two factors with eigenvalues over one, explaining only about 65% of 
the variance in the physical variables. This percentage explained is quite low, but the low 
number of input variables is likely the cause of this. The sampling adequacy for this PCA was 
just below 0.7 which is low but within the accepted range for use. The component loadings for 
these two factors are shown in Table 7. 
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Table 7. Rotated component loadings for two factors in PCA of physical variables. 
Variable Component 
 1 2 
zMajorRecurrence - 0.788145 
zMinorRecurrence - 0.891037 
zFatalities 0.839457 - 
zPropertyDamage 0.81437 - 
zCropDamage - - 
 
Factor 1 was loaded positively with the z-score variables for fatalities and property 
damages. This means that fatalities and property damages were positive indicators of what this 
factor was trying to explain. This could then logically be labelled as the past losses from tropical 
cyclone events as fatalities and property damages are tied to past losses. This will mean that 
counties that have experienced relatively greater losses to past tropical cyclones will be more 
vulnerable. 
Factor 2 was loaded positively with the z-scores for major cyclone recurrence and minor 
cyclone recurrence. This implies that higher chance of recurrence positively indicates this factor. 
It is clear from this that factor 2 is measuring the likelihood of a tropical cyclone occurring. This 
means that counties that experience tropical cyclone events more frequently will be more 
vulnerable to future tropical cyclones. 
The one variable that did not load over the 0.500 threshold on either of the factors was 
the crop damage z-score. In theory, the crop damages could easily be linked to Factor 1, past 
losses to tropical cyclones. The fact that it did not load onto this factor could be indicative of a 
few different things. One very likely reason that this did not load was due to an insufficient 
sample size. Crop loss data is notoriously hard to find and even within the SHELDUS database, 
the crop loss damages might not accurately capture the full extent of crop losses. The study area 
counties being restricted to the coastal areas may also contribute to the unimportance of crop loss 
data since as the density of land use for farming in these counties is noticeably less than more 
inland counties (USDA 2014). For this reason, crop losses in the study area counties was not 
considered in the final index. 
 
4.2.2 Social Score PCA Results and Final Social Factor Identification 
 The PCA for the social variable scores was of a much larger scale compared to the PCA 
for the physical variables. The PCA was loaded with all twenty-two social variables as outlined 
back in Table 3.  The PCA for the social variable found six total factors that had an eigenvalue 
greater than one, which explained 80% of the variance the social z-scores. This is a strong result 
for the PCA and with a sampling adequacy of 0.778, the results of the PCA were clearly useful 
for the determination of social factors that determine the total social vulnerability component of 
the tropical cyclone vulnerability index. The specific component loadings for the six factors are 
shown in Table 8. 
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Table 8. Rotated component loadings for the social variable PCA. 
Variables Component  
 1 2 3 4 5 6 
zQAsian 0.623912 - - - - - 
zQBlack - 0.588875 - - - - 
zQHispanic - - - 0.886089 - - 
zQNAmerican - - - - - 0.782635 
zQPop5or65 - - 0.929054 - - - 
zMedianAge - - 0.892178 - - - 
zPoverty -0.64667 0.555337 - - - - 
zQHighIncome 0.887751 - - - - - 
zPerCapIncome 0.90542 - - - - - 
zQFemale - - - - 0.871607 - 
zQFemHouse - 0.883752 - - - - 
zQ12thGrade -0.55839 - - - - - 
zCivUnemp -0.54702 0.501927 - - - - 
zQRenters - 0.714061 - - - - 
zMedHouseVal 0.918806 - - - - - 
zMedGrossRent 0.874485 - - - - - 
zQMobileHomes -0.57628 - - - -0.61049 - 
zQExtractive - - - - - 0.598566 
zQService - - - - - -0.6121 
zQFemLabPartic 0.551109 - -0.60375 - - - 
zQNoCar - 0.824555 - - - - 
zQUnoccUnits - - 0.665882 - - - 
 
 Factor 1 contained ten variables that loaded above the 0.500 threshold. Of these variables, 
Asian population percent, percentage of high-income households, per capita income, median 
housing value, median gross rent, and female labor force participation loaded positively onto the 
factor indicating a positive correlation to the dimension that the factor is measuring. The 
remaining variables poverty percentage, population percentage without a complete 12th grade 
education, civilian unemployment, and percent mobile homes loaded negatively onto the variable 
showing a negative correlation to the factor. These ten variables taken together come together in 
past hazard research as measures of wealth (Cutter 2003). Taking these variables as 
measurements of wealth, it is important to scrutinize the possibly ambiguous variables as they 
may need to be removed. 
 In the case of Factor 1, the two variables that may be conceived as ambiguous are the 
Asian population percentage and female labor force participation. In the case of Asian 
population, it is reasonable to use it as a proxy for wealth due to the prevalence of Asian-
Americans working in high-income occupations. This notion is backed up by SoVI calculations 
for the 2000 index which also included this variable for wealth (HRVI 2011). It is important 
though to realize that this might just reflect the prominence of Asian wealth in the New England 
area. Asian population is not always a guaranteed proxy of higher wealth and can in turn still be 
a proxy for a vulnerable population. In this data set, the Asian population does correlate more 
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strongly as a proxy of wealth though as indicated by the strong loading onto Factor 1. Female 
labor force participation is even more ambiguous on its tie to wealth, but it can be stood to 
reason that a higher female labor force participation would increase the amount of income for a 
county as married households would on average have two sources of income with higher female 
participation. In both cases, the tie of the variable to the concept of wealth is logical and backed 
up by past hazard research so their inclusion in Factor 1 is justifiable. 
 Moving to Factor 2, six total variables were loaded onto the factor. All six factors loaded 
positively on to the factor which meant they correspond positively to the factor. The six factors 
were African American population percentage, percent in poverty, percent of female-headed 
households, civilian unemployment, percent renters, and percent households with no car. Each of 
these factors can be used as measurements of social status. More specifically, these are 
measurements of low social status due to the lack of power and ease of access to assistance in 
times of hazards that populations who represent these categories more commonly have.  
These components work well within the dimension of social status and require little 
scrutiny besides the problem of cross loaded variables with Factor 1. Both poverty percent and 
civilian unemployment appear in both the wealth and social status factors. For this reason, these 
variables need to be scrutinized for possible removal due to redundancy. In the case of these two 
factors though, it is reasonable to assume that they are measuring different things in the factors 
since they negatively affect the measurement of wealth but are a positive indicator of lowered 
social status. For this reason, the components were allowed to remain cross loaded and be a part 
of each factor for the calculation of the vulnerability index. 
Factor 3 was loaded with three variables. The three variables that loaded were percentage 
of population under age 5 or over age 65, median age, female labor force participation, and 
unoccupied units percentage. All factors loaded positively onto the factor except for the female 
labor force participation which loaded negatively. Factor 3 loaded variables that can be used to 
describe age, each of which are fairly straightforward in their relation to age except for female 
labor force participation and unoccupied units. In the context of age, female labor force 
participation can proxy retirement as a higher participation could indicate more working-aged 
females. This is another example where a factor was cross loaded between two factors but the 
distinction in what is being measured between wealth and age are believable and neither has to 
be deleted from a factor as nothing is truly redundant. Unoccupied units can be used as a proxy 
for the elderly population as a community with higher unoccupied units may have a higher 
percentage of a population living in assisted living homes. This also, however, may just account 
for the prominence of seasonal housing on the coast. 
Factor 4 was loaded with a single variable, percentage of population that is Hispanic. 
This variable loaded positively onto the factor. As a single variable factor, the factor is clearly 
depicting Hispanic ethnicities as a measurement for vulnerability. Very little needs to be 
scrutinized with this factor and can be accepted as is. 
Factor 5 loaded with two variables. Percent female population loaded positively to the 
factor while percent mobile homes loaded negatively onto the factor. Factor 5 is a case where the 
initial understanding of the factor is not very clear due to the lack of logical connections between 
female demographics and mobile homes. For this reason, the strength of loading was considered 
first to highlight percent female as the dominant portion of the factor. It is also noted that percent 
mobile homes was a cross loaded variable with Factor 1. This ends up being a case where it 
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makes the most sense to omit the percent mobile homes from the factor since its tie to female 
percent is ambiguous at best. For this reason, Factor 5 is understood to just simply be measuring 
gender. 
Finally. Factor 6 was loaded the remaining three variables that had not been loaded in the 
previous five factors. Percent employment in the service industry and percent Native American 
population loaded positively on to the factor while the percent employment in the extractive 
industry. Factor 6 is another example where past hazard literature provides no clear 
understanding as to the connection between employment and Native American ethnicity. 
Combined with the fact that this factor has an eigenvalue barely over one and the components 
share similar loading strengths, Factor 6 becomes an example where removing the entire factor 
from the analysis becomes reasonable. The amount of variance explained by this variable is quite 
small for a factor with its eigenvalue, so to avoid a situation where the factor is ambiguous, the 
entire factor was completely dropped and a total of five factors were considered for the final 
index. 
 
4.3 Tropical Cyclone Vulnerability Index 
 After identifying the final factors for the social and physical components of the index 
using the Principal Components Analysis, the creation of the final tropical cyclone vulnerability 
index can be completed. The final factors used for the index are described along with their 
cardinality adjustment (based on their effect on vulnerability) in Table 9.  
Table 9. Physical and social factors used for the tropical cyclone vulnerability index with 
cardinality adjustment. 
Physical Component 
Factor Cardinality Variables (Individual Cardinality) 
Recurrence + zMajorRecurrence (+); zMinor Recurrence (+) 
Past Losses + zFatalities; zPropertyDamage 
   
Social Component 
Factor Cardinality Variables 
Wealth - 
zQAsian (-); zQPoverty (+); zQHouseHighIncome (-); 
zPerCapIncome (-); zQ12thGrade (+); zCivUnemployment 
(+); zMedHouseVal (-); zMedGrossRent (-); 
zMobileHomes (+); zFemLabParticipation (-)  
Low Social Status + 
zQBlack (+); zQPoverty (+); zQFemaleHouse (+); 
zCivUnemployment (+); zQRenters (+); zQNoCars (+) 
Age + 
zQPop5or65 (+); zMedianAge (+); zFemLabParticipation 
(-) 
Ethnicity: Hispanic + zQHispanic (+) 
Gender: Female + zQFemale (+) 
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With the final factors identified, the final calculation for the tropical cyclone index is now 
officially defined: 
𝑇𝑟𝑜𝑝𝑖𝑐𝑎𝑙 𝐶𝑦𝑐𝑙𝑜𝑛𝑒 𝑉𝑢𝑙𝑛𝑒𝑟𝑎𝑏𝑖𝑙𝑖𝑡𝑦 = 𝑃ℎ𝑦𝑠𝑖𝑐𝑎𝑙 𝐹𝑎𝑐𝑡𝑜𝑟 𝑆𝑐𝑜𝑟𝑒𝑠 + 𝑆𝑜𝑐𝑖𝑎𝑙 𝐹𝑎𝑐𝑡𝑜𝑟 𝑆𝑐𝑜𝑟𝑒𝑠 
𝑃ℎ𝑦𝑠𝑖𝑐𝑎𝑙 𝐹𝑎𝑐𝑡𝑜𝑟 𝑆𝑐𝑜𝑟𝑒𝑠 = 𝑅𝑒𝑐𝑢𝑟𝑟𝑒𝑛𝑐𝑒 + 𝑃𝑎𝑠𝑡 𝐿𝑜𝑠𝑠𝑒𝑠 
𝑆𝑜𝑐𝑖𝑎𝑙 𝐹𝑎𝑐𝑡𝑜𝑟 𝑆𝑐𝑜𝑟𝑒𝑠 = −(𝑊𝑒𝑎𝑙𝑡ℎ) + 𝐿𝑜𝑤 𝑆𝑜𝑐𝑖𝑎𝑙 𝑆𝑡𝑎𝑡𝑢𝑠 + 𝐴𝑔𝑒 + 𝐸𝑡ℎ𝑛𝑖𝑐𝑖𝑡𝑦: 𝐻𝑖𝑠𝑝𝑎𝑛𝑖𝑐 + 𝐺𝑒𝑛𝑑𝑒𝑟: 𝐹𝑒𝑚𝑎𝑙𝑒  
This gives an aggregate total vulnerability index that can be separated out into its components to 
further identify which counties are more vulnerable on a factor by factor basis. The index can 
also be translated across multiple years to provide a comparison of vulnerability at different 
points in time to provide commentary on the shifting of the most and least vulnerable counties 
through time.  
 
4.3.1 2015 Tropical Cyclone Vulnerability 
 The social factors selected for the total vulnerability index formula were determined 
using the social data collected from 2015. This sets 2015 as the base study period for the index 
itself. The total vulnerability to tropical cyclones using 2015 social data is shown in Figure 8 and 
in smaller regional views in Figure 9 through 11. The index was classified using a quantiles 
method to better depict the relative vulnerabilities as an equal number of counties is represented 
in each of the classification categories. 
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Figure 8. Map depicting the relatively most and least vulnerable counties based on the 
calculation of Total Tropical Cyclone Vulnerability for the 2015 data. Counties classified by the 
quantile method. 
 
Figure 9. Regional view of the Gulf study area counties of total relative vulnerability for the 
2015 data. 
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Figure 10. Regional view of the Southeast study area counties of total relative vulnerability for 
the 2015 data. 
 
Figure 11. Regional view of the Northeast study area counties of total relative vulnerability for 
the 2015 data. 
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 Without viewing the explicit numbers, it is clear to view the general trend that the 
Southern portion of the study area counties are generally the most vulnerable counties to tropical 
cyclones while the Northern portion is generally less vulnerable. This aligns very well with the 
idea that the Southern portion of the study area experiences tropical cyclones more frequently. 
That said, there are exceptions for both of these general trends which is easier to highlight when 
referencing specific values. The actual vulnerability score value for the twenty most and least 
vulnerable counties are listed in Table 10 and the full list can be found in Appendix B.  
Table 10. The twenty most and least vulnerable counties to tropical cyclones based on 2015 social data 
State  County  Physical Score Social Score Total Vulnerability 
New York Bronx -1.652 27.126 25.474 
Texas Willacy 0.982 24.089 25.071 
North Carolina Washington  0.859 23.408 24.267 
Louisiana St. Bernard Parish 17.034 4.647 21.682 
Louisiana Orleans Parish 9.325 11.198 20.523 
North Carolina Bertie -0.268 20.449 20.181 
Florida Glades 3.533 16.635 20.167 
North Carolina Tyrrell 3.501 16.623 20.124 
Florida Highlands 2.986 16.904 19.890 
Texas Cameron  0.868 18.928 19.796 
Florida Okeechobee 4.982 14.675 19.657 
North Carolina Hertford  -0.870 20.234 19.364 
Mississippi Hancock 13.378 5.866 19.243 
Florida Hendry 3.016 15.534 18.551 
Florida Putnam -1.322 18.748 17.426 
Florida Gadsden -1.212 18.091 16.879 
Florida Hamilton -1.065 17.485 16.420 
South Carolina Colleton 0.128 15.888 16.016 
North Carolina Chowan -0.517 15.533 15.016 
Florida DeSoto 2.068 12.864 14.932 
Maryland Charles -2.397 -15.696 -18.093 
Connecticut Fairfield -1.651 -16.466 -18.118 
New York Suffolk -1.135 -17.547 -18.681 
Virginia York -1.108 -17.975 -19.083 
Maryland St. Mary's -2.126 -17.185 -19.311 
Maryland Queen Anne's -2.011 -17.735 -19.745 
Virginia Poquoson City -1.449 -19.115 -20.563 
New Hampshire Rockingham -1.911 -18.806 -20.717 
New Jersey Middlesex -1.910 -18.834 -20.744 
Massachusetts Nantucket -0.551 -20.803 -21.354 
Maryland Calvert  -2.376 -19.259 -21.636 
Massachusetts Norfolk -1.652 -20.090 -21.742 
New Jersey Bergen -1.910 -20.346 -22.256 
Maryland Anne Arundel -2.680 -20.087 -22.767 
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Table 10 Continued 
State County Physical Score Social Score Total Vulnerability 
New York Nassau -1.393 -21.915 -23.308 
Virginia Alexandria City -2.944 -20.744 -23.688 
Virginia Stafford -2.943 -23.107 -26.050 
Virginia Prince William -2.945 -23.106 -26.051 
Virginia Arlington -2.945 -30.147 -33.092 
Virginia Fairfax -2.946 -32.268 -35.214 
 
 Florida, North Carolina, and Louisiana are the most heavily represented states for the 
most vulnerable counties despite Bronx County, New York appearing as relatively the most 
vulnerable. Conversely, Virginia, New Jersey, and Maryland counties most frequently appear as 
relatively the least vulnerable counties in the study area. As is clear from Table 10, the social 
component of the index was often the driving force of a county’s vulnerability as the most 
vulnerable, Bronx County, New York, carried a social score of 27 and Fairfax County, Virginia, 
the least vulnerable, had a score of -35. Orleans Parish, St. Bernard Parish, and Hancock County 
appear as the counties that were most heavily influenced by their physical component score on 
the vulnerable side of the index while Fairfax, Arlington and Prince William counties had some 
of the largest negative physical components. The social and physical component scores are 
displayed in Figures 12 and 13 respectively. 
 
Figure 12. Social component score for the 2015 tropical cyclone vulnerability index.  
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Figure 13. Physical component score for the 2015 tropical cyclone vulnerability index. 
 
Overall, there are few surprises in the counties identified as the most vulnerable as these 
counties had common features inherent to them such as urban centers, more frequent tropical 
cyclones, or higher percentages of high vulnerability social indicators. For example, many North 
Carolina counties such as Washington, Bertie or Tyrrell are considered very vulnerable and this 
result has been backed up with the recent damages caused by Hurricane Florence in 2018 which 
totaled $22 billion in the state (Stewart 2018). Louisiana and Florida have also experienced 
catastrophic tropical cyclones in the past, so the index is correctly highlighting counties that have 
in the past shown their vulnerabilities. Bronx County In New York, Baltimore City in Maryland, 
and Philadelphia County in Pennsylvania are also counties with higher vulnerability to tropical 
cyclones due to the social demographics of urban centers typically favoring the demographics 
that serve to increase vulnerability. This notion was seen in 2012 during Hurricane Sandy which 
is still a top five costliest tropical cyclone and caused catastrophic damage in New York, New 
Jersey, and many more northeastern states (Blake 2013; NHC 2018) 
The most surprising counties highlighted by the index as being more vulnerable are those 
in the northeast that are not urban centers. The best example of this is Washington County, 
Maine. The county ended up having a social component score of about 8 and an offsetting 
physical component score of about -2. Considering its location in Maine, a county that clearly 
does not experience frequent tropical cyclone strikes, it is useful to see that their social 
demographics are clearly indicative of a county that would not respond very well to a significant 
tropical cyclone. The index, however, highlights that even areas that have the lowest probability 
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of experiencing the natural hazard can still be vulnerable at a relatively higher level than others 
because of social factors. Washington County, Maine is a perfect example of how using such a 
vulnerability index can be useful when predicting possible effects of an imminent natural hazard.  
Going in the other direction, there are a few counties deemed relatively less vulnerable in 
areas surrounded by other counties that rank as very vulnerable. An example of some of these 
counties are Brazoria County, Texas and St. John’s County, Florida. In both cases, dominant 
negative social component scores coupled with surprisingly low physical components leave these 
counties uniquely less vulnerable to tropical cyclones in areas that are predominantly vulnerable. 
This reflects best how a community’s ability to respond to a natural hazard, regardless of the 
natural hazard, is often most affected by the social makeup of the community (Cutter 2003). To 
understand how counties like these, despite being located in areas that are more frequently 
exposed to tropical cyclones, it is useful to examine single factors in the index as it can help 
identify the dimensions of their social demographics that are protecting them as compared to 
counties that are more vulnerable.  
 
4.3.2 2015 Individual Factor Scores 
 Studying individual factor scores for the tropical cyclone index is useful for highlighting 
what factors are the most dominant in explaining a particular county’s vulnerability. The PCA 
performed earlier already alluded to some of these dominant factors as the factors that explained 
the most variance, such as Wealth, Social Status, or Past Losses will have comparatively higher 
ranges of factor scores due to the inclusion of more variables. Factors like Gender: Female will 
have comparatively lower scores since they were loaded with fewer variables. Examining the 
county scores in these factors will further highlight the counties that exhibit the most diagnostic 
features of a county that is more or less vulnerable to tropical cyclones. 
 Starting with the Recurrence factor in the physical component, the county distribution of 
scores is shown in Figure 14 and the exact values can be found in Appendix B (along with the 
rest of the individual factor scores). The general distribution of higher factor scores is very 
concentrated in the South which is to be expected given the recurrence intervals for tropical 
cyclones in this area of the United States. The counties with the absolute highest scores are those 
distinguished by a higher recurrence of major cyclones as seen in the similarity between Figures 
6 and 13. In this sense, the Recurrence Factor is seemingly indicative of the power of major 
cyclones to produce higher levels of vulnerability. The maximum values for this factor reach 
around 6 and minimum values around -2 which means counties with higher recurrence scores 
could have their total index scores affected by this factor a fair amount. 
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Figure 14. The Recurrence factor score for each county in the 2015 tropical cyclone 
vulnerability index. 
 
 The other physical component factor was Past Losses measured by past fatalities and 
property damage. The distribution of this factor’s scores is shown in Figure 15. The distribution 
of this factor score’s maximum values are distributed a little more sparsely and randomly while 
its minimum values are widespread. This is indicative of the notion that losses from tropical 
cyclones are not always consistent to recurrence and storms with greater losses are likely 
overrepresented (Rappaport 2014). The maximum score of 14.243 was found in the Louisiana 
Parish of St. Bernard’s which is tied to Hurricane Katrina which Rappaport found to represent 
about 40% of all fatalities for tropical cyclones for a 50-year period up to 2014. A value of 14 is 
fairly significant in calculating the index and likely has a major contribution to the final 
vulnerability scores for this county. This notion is not the same though for the majority of 
counties who experienced scores below 0 but not less than -0.2. That would make it such that 
this factor was not very important to the overall tropical cyclone vulnerability for the majority of 
counties. 
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Figure 15. The Past Losses factor score for each county in the 2015 tropical cyclone 
vulnerability index. 
 
 Moving to the social factors, Wealth was the factor that explained the most variance in 
the social data by a fairly large number. It was also the factor composed of the most variables at 
ten. This gives this factor a major range for the maximum and minimum values as seen in Figure 
16 which means this factor is perhaps the most dominant factor considered for this vulnerability 
index. The maximum value for this factor was 15.677 for Willacy County, Texas meaning it 
appears to the index that it is the poorest county in the record. A value 15 is clearly another very 
large value and going to hold a lot of weight on the final vulnerability of the county. Even 
stronger for this factor was the effect of the wealthiest counties. The minimum value was -23.292 
for Arlington County, Virginia making it the wealthiest county according to this factor. This is 
an absolutely significant score to be placed in the index calculation and shows just how 
indicative that the presence of wealth in a county has on the reduction of vulnerability to tropical 
cyclones in this model.  
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Figure 16. The Wealth factor score for each county in the 2015 tropical cyclone vulnerability 
index. 
 
 The next highest factor in terms of variance explained was Social Status. The scores for 
the Social Status factor are displayed in Figure 17. The interesting thing that this factor displays 
is the disparity between the strength of the maximum values as compared to the minimum 
values. The maximum value is 20.436 for Bronx County, New York while the minimum value is 
only -8.128 for Poquoson City, Virginia. The trend that is easy to pick up in the Social Status 
factor is that the counties with high scores are generally counties with large urban populations. 
New York City Boroughs compose three of the top seven and Philadelphia, Washington D.C., 
New Orleans and Baltimore compose the rest. The relatively common occurrence of disparaged 
populations in urban centers appears to be a major player in the Social Status factor and is a 
major reason why these urban centers will always be vulnerable to natural hazards among other 
factors regardless of the natural hazard.  
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Figure 17. The Social Status factor score for each county in the 2015 tropical cyclone 
vulnerability index. 
 
 The third social factor, Age, has a considerably lower number of component variables 
and can for this reason be expected to be a little less important to the overall total vulnerability 
score due to having lesser extremes as compared to the Wealth and Social Status factors. This 
notion is confirmed by the numbers as displayed by Figure 18. The most apparent thing when 
viewing this figure is just how randomly distributed the factor scores across the study area. There 
is no clear trend in the location of counties with high factor scores with the exception of Florida 
containing a greater number of counties with high factor scores, indicating a greater 
concentration of vulnerable aged populations. The maximum value was 14.685 for Sumter 
County, Florida which joins three other Florida counties in the top five. The minimum value was 
only -5.980 for Arlington County, Virginia. There is a general trend in the Age factor having 
greater strength for counties that are more vulnerable as compared to those that are less.  
37 
 
 
Figure 18. The Age factor score for each county in the 2015 tropical cyclone vulnerability index. 
 
 The final two factors are single variable factors, meaning their expected contribution to 
the final index are expected to be low. For factor 4, Ethnicity: Hispanic, the scores are displayed 
in Figure 19. There is a clear trend in the distribution of Hispanic populations as the figure 
shows. Texas, Southern Florida, and the Tri-State area counties contain nearly all of the positive 
factor scores. The maximum value of 5.323 is found in Cameron County, Texas while the 
minimum value of -0.800 is found in Northumberland County, Virginia. This factor carries a 
noticeable disparity between the strength of the maximum and minimum values which means the 
counties with higher concentrations of Hispanic populations will reflect this fact to a greater 
degree in their final vulnerability score compared to the counties that have small concentrations. 
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Figure 19. The Ethnicity: Hispanic factor score for each county in the 2015 tropical cyclone 
vulnerability index. 
 
 The final factor, Gender: Female, is displayed in Figure 20. The trend of factor scores is 
indistinguishable which is to be expected as the variation in female population percentages from 
county to county are not likely that great across the study area counties. Most counties actually 
show a more vulnerable score for this factor but with a maximum value of 1.403 for Washington 
County, North Carolina the final effect on the total vulnerability will not be very pronounced. 
The main effect of this factor is found in the minimum value of -5.522 for Union County, Florida 
which is considerably stronger in magnitude than the maximum. This is indicating a greater 
effect for the reduction of vulnerability from this factor than increasing it. 
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Figure 20. The Gender: Female factor score for each county in the 2015 tropical cyclone 
vulnerability index. 
 
4.3.3 1980 Tropical Cyclone Vulnerability and Changes Over Time 
 With a now deep understanding of the tropical cyclone vulnerability of counties using 
2015 social demographics, it becomes of interest to apply the same vulnerability index to a 
different time period to assess the changes in vulnerability over time. The second time period 
selected was 1980 due to it being the first year used for the historical tropical cyclone data. Thus, 
when assessing the 1980 tropical cyclone vulnerability, it is important to understand that the only 
dimension that is shifting is the social demographics. The contribution of the physical component 
is staying the same while the social component is changing to reflect a different population in the 
same counties since the same model is being applied that bases its physical data on the thirty-
year historical data from 1980 to 2015. 
  The results for the 1980 vulnerability index are displayed in Figure 21 along with the 
associated regional views in Figures 22 through 24. The explicit scores can be found in 
Appendix C and the twenty most and least vulnerable are shown in Table 11. The initial 
comparison between Figure 8 and Figure 21 appears at face value to show very little change. The 
most noticeable change between the two is the general decrease of vulnerability in the Gulf area, 
especially in Florida, Louisiana and Texas as compared to the 2015 results. This likely represents 
the trend of coastal populations increasing between 1980 and 2015. More people living in the 
area increases the chances of having the social demographics that are associated with being more 
vulnerable.  
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Figure 21. Map depicting the relatively most and least vulnerable counties based on the calculation of 
Total Tropical Cyclone Vulnerability for the 1980 data. Counties classified by the quantile method. 
 
Figure 22. Regional view of the Gulf study area counties of Total Tropical Cyclone Vulnerability for the 
1980 data. 
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Figure 23. Regional view of the Southeast study area counties of Total Tropical Cyclone Vulnerability 
for the 1980 data. 
 
Figure 24. Regional view of the Northeast study area counties of Total Tropical Cyclone Vulnerability 
for the 1980 data. 
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Table 11. The twenty most and least vulnerable counties to tropical cyclones based on 1980 social data. 
State County Physical Score Social Score Total Vulnerability 
North Carolina Tyrrell 3.501 25.427 28.929 
North Carolina Hyde 4.547 20.402 24.949 
New York Bronx -1.652 25.032 23.380 
Texas Willacy 0.982 22.161 23.143 
Virginia Northampton -0.438 20.211 19.773 
Louisiana Orleans 9.325 10.390 19.715 
Texas Kenedy 4.453 14.450 18.903 
Mississippi Hancock 13.378 4.399 17.776 
Florida Madison -0.867 18.137 17.270 
Texas Cameron 0.868 16.330 17.198 
Florida Gadsden -1.212 18.392 17.180 
Georgia McIntosh -1.892 18.580 16.688 
Florida Franklin 0.808 15.717 16.525 
New York Kings -1.653 17.993 16.340 
North Carolina Bertie -0.268 16.586 16.318 
North Carolina Perquimans -0.508 15.651 15.143 
Maryland Baltimore City -2.941 17.955 15.014 
North Carolina Pender 5.401 9.194 14.595 
Florida Calhoun 0.307 13.966 14.274 
Florida Hamilton -1.065 15.103 14.038 
Florida Jefferson -0.010 13.889 13.879 
New Hampshire Rockingham -1.911 -14.743 -16.655 
Maryland Harford -2.671 -14.256 -16.927 
Virginia York -1.108 -16.491 -17.599 
Maryland Charles -2.397 -15.241 -17.638 
Maryland Baltimore -2.683 -15.637 -18.320 
New Jersey Middlesex -1.910 -17.317 -19.227 
Massachusetts Norfolk -1.652 -17.815 -19.467 
Maryland Prince Georges -2.683 -17.633 -20.316 
Virginia Stafford -2.943 -17.405 -20.348 
Virginia Virginia Beach City -0.355 -20.272 -20.627 
Virginia Poquoson City -1.449 -19.224 -20.673 
Maryland Anne Arundel -2.680 -18.238 -20.918 
New York Westchester -1.652 -19.474 -21.127 
Virginia Alexandria City -2.944 -20.141 -23.085 
Connecticut Fairfield -1.651 -21.781 -23.432 
New York Rockland -2.169 -21.364 -23.533 
New Jersey Bergen -1.910 -22.182 -24.093 
New York Nassau -1.393 -23.043 -24.436 
Virginia Arlington -2.945 -23.514 -26.458 
Virginia Prince William -2.945 -24.595 -27.540 
Virginia Fairfax -2.946 -35.356 -38.302 
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 Much of the turnover between 1980 and 2015 occurs in the most vulnerable counties. For 
1980, two North Carolina counties were above Bronx County, New York for being the most 
vulnerable. Notable counties that entered the top twenty when looking at 1980 social data were 
King County, New York, Northampton, Virginia, and Baltimore City, Maryland. All three had 
noticeably reduced total vulnerability (or social vulnerability) when viewing the 2015 data. The 
major surprise though for the 1980 data comes in the absence of St. Bernard’s Parish from the 
top twenty. As a county that experienced heavy losses from Hurricane Katrina, it can only be 
reasoned that the loss of population in the area actually concentrated the vulnerable population 
for the 2015 score as they were more likely to be unable to leave the county and move to a new 
area. This means the 2015 index captured the effect of Hurricane Katrina in such a way that 
highlights best the notion that areas that have experienced past losses are uniquely more 
vulnerable than others. 
 The counties that were least vulnerable for the 2015 index are largely the least vulnerable 
in the 1980 index as well. As with the 2015 index, counties that exhibited higher wealth metrics 
were the counties that had the least amount of vulnerability. The 1980 Wealth Factor scores are 
displayed in Figure 25. Besides this, much of the least vulnerable county social scores were very 
similar to their 2015 counterparts. 
 
Figure 25. Map depicting the Wealth factor scores for the 1980 data. 
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The overall difference in the vulnerability score (social vulnerability score) is displayed 
in Figure 26 with the specific top twenty positive and negative changes depicted in Table 12. The 
counties that experienced the greatest shift towards being more vulnerable over the 36 years were 
primarily located in Louisiana, Florida and Texas. The interesting exception was Prince Georges 
County, Maryland, which saw very significant changes to its Wealth and Social Status factor 
scores. Despite this, its total vulnerability score was still negative, indicating that the county was 
still relatively less vulnerable. 
 
 
Figure 26. Map depicting the change in Total Tropical Cyclone Vulnerability (Social Vulnerability Score 
Changes) between 1980 and 2015 indexes. 
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Table 12. Top twenty county changes vulnerability for both positive and negative shifts. 
State County 1980 Vulnerability 2015 Vulnerability Vulnerability Change 
Louisiana St Mary -2.583 13.338 15.921 
Florida Hendry 4.562 18.551 13.989 
Texas Harris -14.892 -1.321 13.571 
Louisiana St Bernard 8.712 21.682 12.970 
North Carolina Washington 11.301 24.267 12.966 
Louisiana Jefferson -11.044 1.626 12.670 
Maryland Prince Georges -20.316 -7.809 12.507 
Florida Okeechobee 7.479 19.657 12.178 
Texas Matagorda -2.904 8.935 11.840 
Florida Union -6.474 5.328 11.801 
Texas Kleberg 1.175 12.597 11.422 
Florida Brevard -6.256 3.803 10.059 
Florida Indian River -1.049 8.966 10.015 
Florida Dade 1.189 10.883 9.693 
Texas Calhoun -5.337 3.115 8.452 
Florida Polk 0.872 8.969 8.097 
Florida Leon -6.893 1.032 7.925 
Louisiana Terrebonne -6.877 1.033 7.910 
North Carolina Hertford 11.585 19.364 7.779 
Texas Jefferson -2.219 5.308 7.527 
Florida Collier -1.481 6.044 7.525 
Virginia King George -9.336 -17.667 -8.331 
New Jersey Cape May 7.882 -0.832 -8.714 
New York New York 0.400 -8.396 -8.797 
Maryland St Mary's -10.510 -19.311 -8.802 
North Carolina Tyrrell 28.929 20.124 -8.805 
Florida Walton 10.656 1.294 -9.362 
Virginia Suffolk City 3.597 -6.030 -9.627 
Maine Knox 2.738 -6.977 -9.716 
Maine Waldo 7.053 -3.191 -10.244 
Florida Franklin 16.525 6.200 -10.325 
New York Kings 16.340 5.726 -10.614 
Florida St Johns -0.996 -11.640 -10.644 
New Jersey Hudson 7.156 -3.801 -10.957 
Maryland Calvert -10.145 -21.636 -11.491 
Georgia Camden 4.884 -6.656 -11.540 
Maryland Queen Anne's -8.058 -19.745 -11.687 
Massachusetts Dukes -1.472 -13.348 -11.876 
North Carolina Hyde 24.949 11.767 -13.181 
Georgia Bryan 6.627 -9.038 -15.666 
North Carolina Currituck 10.609 -6.450 -17.059 
North Carolina Camden 8.108 -9.400 -17.509 
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The counties that experienced the greatest negative shift in vulnerability were a little 
more randomly distributed. Generally, the counties were located more to the north but there were 
some Gulf counties that experienced larger negative shifts. The county the experienced the 
greatest shift was Camden County, North Carolina which saw a major shift in Wealth and Social 
Status indicators. This giant negative shift actually placed Camden County as a relatively less 
vulnerable county in 2015 as compared to be relatively vulnerable in 1980.  
The wide variation in vulnerability changes just over a 36-year period highlight a lot of 
the importance of studying vulnerability for coastal counties. As coastal populations continue to 
grow quickly, the need to identify the communities that are growing more vulnerable to future 
tropical cyclones also grows. Identifying these areas can help drive future preparations efforts 
into the areas that need them when faced with imminent storms. On the other side, it can also 
help to identify counties that have experienced social demographic shifts towards being less 
vulnerable. This can direct future studies into how certain coastal communities are evolving into 
wealthier communities, considering wealth plays the biggest part of decreasing social 
vulnerability in this model.  
 
5. Conclusion 
 Overall, the tropical cyclone vulnerability index successfully highlights the counties that 
are relatively more vulnerable than others along the entire span of the Eastern Coast of the 
United States. The index was created using social demographics from 2015 and the historical 
record of tropical cyclones and can be used to compare changes in vulnerabilities across time 
based on different social demographics. This is useful for highlighting trends in vulnerability in a 
climate where the destructive power of tropical cyclones continues to increase. 
The index successfully highlighted counties that have shown higher vulnerabilities such 
as Orleans and St. Bernard’s Parish in Louisiana as seen during Hurricane Katrina in 2005. North 
Carolina counties such as Washington, Bertie or Tyrrell were highlighted, and their vulnerability 
was seen during Hurricane Florence in 2018. Obvious areas such as the Florida peninsula were 
also flagged for high relative vulnerability which is proven time and time again. The index also 
highlights urban centers such as New York City, Philadelphia and Baltimore as areas of high 
vulnerability which aligns well with past hazard research. 
The index does a good job of highlighting the counties that are not as relatively 
vulnerable as well. Counties in the northeast are generally those that are unaffected commonly 
by tropical cyclones and thus would only show vulnerability based on their social demographics. 
As highlighted by their social scores, however, most northeast counties do indeed have greater 
degrees of wealth as compared to the southern counties and this in tandem with their low 
physical component scores makes it consistently an area that is less vulnerable to tropical 
cyclones than the South. 
The general results of the study were very promising for the most part, but certainly not 
without drawbacks and areas for improvement. As the first attempt to index a large study area for 
a single natural hazard, there are clear ways to possibly improve the index in the future. For one, 
adding more variables could help to further distinguish the differing levels of variability in the 
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counties as variables highlighted by Cutter, Borden and Bjarnadottir were not included in this 
study due mostly to logistical reasons and certainly have some merit being used in a tropical 
cyclone vulnerability index (Cutter 2003; Borden 2007; Bjarnadottir 2011). In particular the 
inclusion of better physical data such as storm surge modelling over a wide study area could 
prove very useful for highlighting the coastal areas that will be most vulnerable in a world where 
the sea level is rising in many areas at an alarming rate. 
Furthermore, the index itself seems to suffer currently from an overestimation of the 
effect of social vulnerability. While social vulnerability is largely the driving factor for a 
community’s vulnerability, there is certainly some extra scrutiny that needs to be employed when 
examining a single hazard such as tropical cyclones. It would perhaps be useful to try and find a 
model that could accurately weight the components through some regression modelling. Having 
a weighted index has some merit in past hazard research but is still not really represented in the 
literature (Kirby 2015).  
In total, the ability to display relative county vulnerabilities consistently proves useful for 
future disaster-relief planning as well as furthering the understanding of what makes a 
community vulnerable to natural hazards. In specific, the county level vulnerability to tropical 
cyclones across the Eastern Coast has never been explored in prior research so to be able to 
begin to quantify this vulnerability will prove to be very useful as the likelihood of intense 
cyclones like Harvey, Florence and Sandy continues to rise.  
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7. Appendix 
Appendix A. Study area counties and population counts for 1980 and 2015 
(Manson 2019). 
 
State County Population 1980 Population 2015 
Alabama Baldwin 78556 195121 
Alabama Mobile 364980 414251 
Connecticut Fairfield 807143 939983 
Connecticut Middlesex 129017 165165 
Connecticut New Haven 761337 862224 
Connecticut New London 238409 273185 
Delaware Kent 98219 169509 
Delaware New Castle 398115 549643 
Delaware Sussex 98004 207302 
District Of Columbia District Of Columbia 638333 647484 
Florida Alachua 151348 254218 
Florida Baker 15289 27135 
Florida Bay 97740 175353 
Florida Bradford 20023 27223 
Florida Brevard 272959 553591 
Florida Broward 1018200 1843152 
Florida Calhoun 9294 14615 
Florida Charlotte 58460 165783 
Florida Citrus 54703 139654 
Florida Clay 67052 197417 
Florida Collier 85971 341091 
Florida Columbia 35399 67806 
Florida DeSoto 19039 34957 
Florida Dixie 7751 16091 
Florida Duval 571003 890673 
Florida Escambia 233794 306327 
Florida Flagler 10913 100783 
Florida Franklin 7661 11628 
Florida Gadsden 41565 46424 
Florida Gilchrist 5767 16992 
Florida Glades 5992 13272 
Florida Gulf 10658 15785 
Florida Hamilton 8761 14395 
Florida Hardee 19379 27468 
Florida Hendry 18599 38363 
Florida Hernando 44469 174809 
Florida Highlands 47526 98328 
Florida Hillsborough 646960 1302884 
Florida Holmes 14723 19635 
State County Population 1980 Population 2015 
Florida Indian River 59896 142866 
Florida Jackson 39154 48900 
Florida Jefferson 10703 14198 
Florida Lafayette 4035 8801 
Florida Lake 104870 310561 
Florida Lee 205266 663675 
Florida Leon 148655 282940 
Florida Levy 19870 39821 
Florida Liberty 4260 8295 
Florida Madison 14894 18729 
Florida Manatee 148442 343729 
Florida Marion 122488 336811 
Florida Martin 64014 151586 
Florida Dade 1625781 2639042 
Florida Monroe 63188 75901 
Florida Nassau 32894 75880 
Florida Okaloosa 109920 192237 
Florida Okeechobee 20264 39255 
Florida Orange 471016 1229039 
Florida Osceola 49287 300870 
Florida Palm Beach 576863 1378806 
Florida Pasco 193643 479288 
Florida Pinellas 728531 931477 
Florida Polk 321652 626676 
Florida Putnam 50549 72696 
Florida St Johns 51303 210495 
Florida St Lucie 87182 288006 
Florida Santa Rosa 55988 161021 
Florida Sarasota 202251 392038 
Florida Seminole 179752 437346 
Florida Sumter 24272 108501 
Florida Suwannee 22287 43595 
Florida Taylor 16532 22685 
Florida Union 10166 15191 
Florida Volusia 258762 503719 
Florida Wakulla 10887 31128 
Florida Walton 21300 59487 
Florida Washington 14509 24629 
Georgia Bryan 10175 33151 
Georgia Camden 13371 51445 
Georgia Chatham 202226 279290 
Georgia Glynn 54981 81743 
Georgia Liberty 37583 64427 
Georgia McIntosh 8046 14007 
Louisiana Cameron 9336 6706 
Louisiana Iberia 63752 73938 
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State County Population 1980 Population 2015 
Louisiana Jefferson 454592 435092 
Louisiana Lafourche 82483 97474 
Louisiana Livingston 58806 133949 
Louisiana Orleans 557515 376738 
Louisiana Plaquemines 26049 23599 
Louisiana St Bernard 64097 42858 
Louisiana St Charles 37259 52639 
Louisiana St John The Baptist 31924 44161 
Louisiana St Mary 64253 53441 
Louisiana St Tammany 110869 242960 
Louisiana Tangipahoa 80698 125486 
Louisiana Terrebonne 94393 112742 
Louisiana Vermilion 48458 59110 
Maine Cumberland 215789 286119 
Maine Hancock 41781 54658 
Maine Knox 32941 39723 
Maine Lincoln 25691 34156 
Maine Sagadahoc 28795 35092 
Maine Waldo 28414 38976 
Maine Washington 34963 32191 
Maine York 139666 199682 
Maryland Anne Arundel 370775 555280 
Maryland Baltimore 655615 822959 
Maryland Calvert 34638 90114 
Maryland Caroline 23143 32661 
Maryland Cecil 60430 101960 
Maryland Charles 72751 152754 
Maryland Dorchester 30623 32534 
Maryland Harford 145930 248966 
Maryland Kent 16695 19923 
Maryland Prince Georges 665071 892816 
Maryland Queen Anne's 25508 48600 
Maryland St Mary's 59895 109614 
Maryland Somerset 19188 25980 
Maryland Talbot 25604 37799 
Maryland Wicomico 64540 101182 
Maryland Worcester 30889 51519 
Maryland Baltimore City 786775 622454 
Massachusetts Barnstable 147925 214766 
Massachusetts Bristol 474641 552763 
Massachusetts Dukes 8942 17048 
Massachusetts Essex 633632 763849 
Massachusetts Nantucket 5087 10556 
Massachusetts Norfolk 606587 687721 
Massachusetts Plymouth 405437 503681 
Massachusetts Suffolk 650142 758919 
State County Population 1980 Population 2015 
Mississippi Hancock 24537 45627 
Mississippi Harrison 157665 196268 
Mississippi Jackson 118015 140676 
New Hampshire Rockingham 190345 299006 
New Hampshire Strafford 85408 125273 
New Jersey Atlantic 194119 275376 
New Jersey Bergen 845385 926330 
New Jersey Burlington 362542 450556 
New Jersey Camden 471650 511998 
New Jersey Cape May 82266 95805 
New Jersey Cumberland 132866 157035 
New Jersey Essex 851116 791609 
New Jersey Gloucester 199917 290298 
New Jersey Hudson 556972 662619 
New Jersey Middlesex 595893 830300 
New Jersey Monmouth 503173 629185 
New Jersey Ocean 346038 583450 
New Jersey Salem 64676 65120 
New Jersey Union 504094 548744 
New York Bronx 1168972 1428357 
New York Kings 2230936 2595259 
New York Nassau 1321582 1354612 
New York New York 1428285 1629507 
New York Queens 1891325 2301139 
New York Richmond 352121 472481 
New York Rockland 259530 320688 
New York Suffolk 1284231 1501373 
New York Westchester 866599 967315 
North Carolina Beaufort 40355 47561 
North Carolina Bertie 21024 20518 
North Carolina Brunswick 35777 115926 
North Carolina Camden 5829 10161 
North Carolina Carteret 41092 68228 
North Carolina Chowan 12558 14656 
North Carolina Craven 71043 104450 
North Carolina Currituck 11089 24492 
North Carolina Dare 13377 34863 
North Carolina Gates 8875 11724 
North Carolina Hertford 23368 24368 
North Carolina Hyde 5873 5693 
North Carolina New Hanover 103471 213091 
North Carolina Onslow 112784 183753 
North Carolina Pamlico 10398 12982 
North Carolina Pasquotank 28462 40018 
North Carolina Pender 22215 55166 
North Carolina Perquimans 9486 13498 
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State County Population 1980 Population 2015 
North Carolina Tyrrell 3975 4152 
North Carolina Washington 14801 12668 
Pennsylvania Delaware 555007 561683 
Pennsylvania Philadelphia 1688210 1555072 
Rhode Island Bristol 46942 49176 
Rhode Island Kent 154163 164958 
Rhode Island Newport 81383 82663 
Rhode Island Providence 571349 630459 
Rhode Island Washington 93317 126405 
South Carolina Beaufort 65364 171420 
South Carolina Berkeley 94727 193613 
South Carolina Charleston 276974 372904 
South Carolina Colleton 31776 38004 
South Carolina Georgetown 42461 60572 
South Carolina Horry 101419 290730 
South Carolina Jasper 14504 26549 
Texas Aransas 14260 24292 
Texas Brazoria 169587 331741 
Texas Calhoun 19574 21666 
Texas Cameron 209727 417947 
Texas Chambers 18538 37251 
Texas Galveston 195940 308163 
Texas Harris 2409547 4356362 
Texas Jackson 13352 14486 
Texas Jefferson 250938 252872 
Texas Kenedy 543 565 
Texas Kleberg 33358 32029 
Texas Matagorda 37828 36598 
Texas Nueces 268215 352060 
Texas Orange 83838 83217 
Texas Refugio 9289 7277 
Texas San Patricio 58013 66070 
Texas Willacy 17495 22002 
Virginia Accomack 31268 33115 
Virginia Arlington 152599 223945 
Virginia Charles City 6692 7118 
Virginia Essex 8864 11151 
Virginia Fairfax 596901 1128722 
Virginia Gloucester 20107 37001 
Virginia Isle Of Wight 21603 35740 
Virginia James City 22763 70673 
Virginia King And Queen 5968 7106 
Virginia King George 10543 24933 
Virginia King William 9334 16097 
Virginia Lancaster 10129 11129 
Virginia Mathews 7995 8880 
State County Population 1980 Population 2015 
Virginia Middlesex 7719 10717 
Virginia New Kent 8781 19560 
Virginia Northampton 14625 12184 
Virginia Northumberland 9828 12304 
Virginia Prince George 25733 37380 
Virginia Prince William 144703 437271 
Virginia Richmond 6952 8989 
Virginia Stafford 40470 137145 
Virginia Surry 6046 6823 
Virginia Westmoreland 14041 17557 
Virginia York 35463 66471 
Virginia Alexandria City 103217 149315 
Virginia Chesapeake City 114486 230601 
Virginia Hampton City 122617 137081 
Virginia Newport News City 144903 181323 
Virginia Norfolk City 266979 245452 
Virginia Poquoson City 8726 12077 
Virginia Portsmouth City 104577 96135 
Virginia Suffolk City 47621 86184 
Virginia Virginia Beach City 262199 448290 
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Appendix B. 2015 index factor score, component scores, and total scores.                
 
County 
Recurrence 
Factor 
Past Losses 
Factor 
Physical 
Component 
Wealth 
Factor 
Social Status 
Factor 
Age 
Factor 
Ethnicity:Hispanic 
Factor 
Gender:Female 
Factor 
Social 
Component 
Total 
Vulnerability 
Baldwin County, Alabama 5.566 0.156 5.721 -0.289 -2.813 1.597 -0.519 0.351 -1.674 4.048 
Mobile County, Alabama 2.792 -0.364 2.428 3.447 3.468 -1.310 -0.649 0.721 5.677 8.105 
Fairfield County, Connecticut -1.017 -0.634 -1.651 -13.081 -1.678 -2.556 0.438 0.411 -16.466 -18.118 
Middlesex County, Connecticut -1.017 -0.560 -1.577 -9.113 -4.935 -1.377 -0.445 0.312 -15.558 -17.135 
New Haven County, Connecticut -0.759 -0.634 -1.392 -4.057 1.187 -2.331 0.307 0.587 -4.306 -5.698 
New London County, Connecticut -0.759 -0.631 -1.390 -5.023 -2.116 -2.020 -0.166 -0.073 -9.398 -10.787 
Kent County, Delaware -1.276 -0.632 -1.908 0.195 -0.309 -2.024 -0.377 0.588 -1.927 -3.835 
New Castle County, Delaware -1.535 -0.635 -2.170 -5.477 -0.550 -3.140 -0.192 0.524 -8.835 -11.005 
Sussex County, Delaware -0.500 -0.633 -1.132 -0.360 -2.791 4.158 -0.193 0.437 1.250 0.118 
District of Columbia, District of 
Columbia 
-2.311 -0.624 -2.935 -10.069 11.705 -4.533 -0.125 0.900 -2.122 -5.057 
Alachua County, Florida -0.500 -0.500 -0.999 -0.460 3.580 -3.331 -0.215 0.528 0.101 -0.898 
Baker County, Florida -0.759 -0.635 -1.393 6.906 -2.281 -1.380 -0.668 -1.044 1.532 0.139 
Bay County, Florida -0.241 -0.310 -0.551 0.956 -0.242 0.483 -0.450 0.109 0.856 0.305 
Bradford County, Florida -1.017 -0.622 -1.639 10.039 3.637 0.404 -0.569 -2.168 11.343 9.704 
Brevard County, Florida 2.088 -0.517 1.570 0.451 -0.624 2.265 -0.202 0.343 2.233 3.803 
Broward County, Florida 3.050 -0.230 2.821 -2.276 2.114 -1.455 1.043 0.462 -0.112 2.709 
Calhoun County, Florida -1.276 1.583 0.307 10.009 -0.048 0.674 -0.444 -1.807 8.384 8.691 
Charlotte County, Florida 1.017 0.006 1.022 1.256 -2.260 9.065 -0.379 0.410 8.092 9.115 
Citrus County, Florida -0.500 -0.549 -1.049 5.352 -1.104 8.193 -0.480 0.573 12.533 11.485 
Clay County, Florida -1.017 -0.632 -1.649 -0.364 -2.763 -2.095 -0.217 0.258 -5.182 -6.831 
Collier County, Florida 4.308 2.541 6.849 -4.879 -3.066 5.911 1.010 0.219 -0.805 6.044 
Columbia County, Florida -0.241 -0.631 -0.872 8.204 2.683 -0.129 -0.458 -0.718 9.582 8.710 
DeSoto County, Florida 0.758 1.310 2.068 10.714 0.913 2.435 1.290 -2.488 12.864 14.932 
Dixie County, Florida 0.018 -0.134 -0.116 9.467 -1.310 5.100 -0.576 -1.688 10.993 10.877 
Duval County, Florida -1.017 -0.635 -1.653 -0.139 3.469 -2.751 -0.248 0.490 0.820 -0.833 
Escambia County, Florida 4.826 -0.059 4.767 0.802 1.664 -1.229 -0.465 0.041 0.813 5.580 
Flagler County, Florida -1.017 -0.454 -1.472 -0.914 -3.104 5.335 -0.165 0.719 1.871 0.400 
Franklin County, Florida 0.276 0.531 0.808 6.253 -0.167 3.009 -0.487 -3.216 5.392 6.200 
Gadsden County, Florida -0.759 -0.454 -1.212 9.805 7.662 -0.138 -0.134 0.895 18.091 16.879 
Gilchrist County, Florida -1.017 -0.540 -1.557 9.022 -1.223 0.922 -0.478 -1.056 7.187 5.630 
Glades County, Florida 3.050 0.482 3.533 11.711 -0.240 6.501 0.644 -1.981 16.635 20.167 
Gulf County, Florida 0.758 0.403 1.161 4.877 -1.192 3.554 -0.497 -3.225 3.517 4.678 
Hamilton County, Florida -0.500 -0.565 -1.065 14.833 6.530 0.181 -0.193 -3.866 17.485 16.420 
Hardee County, Florida 0.758 0.025 0.783 11.575 0.730 0.182 2.155 -1.674 12.967 13.750 
Hendry County, Florida 2.792 0.225 3.016 12.949 2.391 -1.314 2.680 -1.173 15.534 18.551 
Hernando County, Florida -0.500 -0.548 -1.047 4.984 -0.437 4.680 -0.044 0.650 9.833 8.786 
Highlands County, Florida 3.309 -0.324 2.986 7.676 0.578 7.847 0.438 0.365 16.904 19.890 
Hillsborough County, Florida 1.534 -0.629 0.905 -0.645 1.389 -2.751 0.980 0.374 -0.654 0.251 
Holmes County, Florida -1.017 0.230 -0.787 12.830 2.536 1.981 -0.644 -1.365 15.338 14.551 
Indian River County, Florida 2.828 -0.104 2.724 0.381 -0.555 5.814 -0.013 0.615 6.242 8.966 
Jackson County, Florida -1.017 -0.146 -1.163 10.289 4.016 1.038 -0.505 -2.100 12.738 11.575 
Jefferson County, Florida -0.241 0.231 -0.010 6.697 1.738 1.058 -0.547 -1.179 7.767 7.757 
Lafayette County, Florida -0.759 0.266 -0.493 12.351 2.553 0.058 0.004 -3.713 11.253 10.760 
Lake County, Florida 1.275 -0.632 0.644 2.225 -2.028 3.342 0.107 0.539 4.186 4.829 
Lee County, Florida 2.274 -0.497 1.777 0.572 -1.090 4.654 0.507 0.297 4.941 6.718 
Leon County, Florida -0.241 -0.607 -0.848 0.792 5.535 -4.877 -0.410 0.840 1.879 1.032 
Levy County, Florida -0.500 -0.303 -0.803 10.065 0.278 3.383 -0.277 0.168 13.616 12.814 
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Liberty County, Florida -0.241 1.422 1.181 10.637 -0.993 -0.084 -0.331 -4.506 4.723 5.904 
Madison County, Florida -0.500 -0.368 -0.867 11.073 4.052 1.822 -0.490 -1.073 15.384 14.517 
Manatee County, Florida 0.758 -0.439 0.319 0.106 -1.523 3.709 0.248 0.549 3.088 3.407 
Marion County, Florida -0.241 -0.620 -0.861 5.187 0.194 4.938 -0.020 0.662 10.961 10.100 
Martin County, Florida 4.085 -0.268 3.818 -2.462 -2.747 4.970 0.062 0.121 -0.056 3.762 
Miami-Dade County, Florida 2.533 -0.360 2.173 1.531 4.087 -1.114 3.730 0.476 8.710 10.883 
Monroe County, Florida 5.343 6.501 11.844 -6.796 -2.648 2.948 0.700 -1.153 -6.949 4.895 
Nassau County, Florida -0.500 -0.628 -1.127 0.258 -3.224 1.805 -0.574 0.146 -1.588 -2.716 
Okaloosa County, Florida 2.533 0.482 3.015 -2.969 -2.337 -1.055 -0.266 -0.263 -6.890 -3.875 
Okeechobee County, Florida 2.569 2.413 4.982 11.880 1.163 2.266 0.903 -1.536 14.675 19.657 
Orange County, Florida 1.793 -0.629 1.164 -1.163 2.052 -3.887 1.164 0.243 -1.591 -0.427 
Osceola County, Florida 3.827 -0.536 3.291 2.562 0.702 -0.968 2.573 0.220 5.089 8.380 
Palm Beach County, Florida 4.085 -0.516 3.569 -3.445 0.324 1.813 0.584 0.537 -0.187 3.382 
Pasco County, Florida 1.017 -0.631 0.386 1.963 -1.883 2.476 0.079 0.459 3.094 3.480 
Pinellas County, Florida -0.241 -0.609 -0.851 -1.229 0.581 2.135 -0.227 0.680 1.940 1.089 
Polk County, Florida 2.052 -0.600 1.452 4.844 0.596 1.274 0.505 0.298 7.517 8.969 
Putnam County, Florida -0.759 -0.563 -1.322 11.533 3.751 3.449 -0.176 0.191 18.748 17.426 
St. Johns County, Florida -0.241 -0.294 -0.535 -6.706 -4.628 0.215 -0.421 0.436 -11.104 -11.640 
St. Lucie County, Florida 4.344 -0.390 3.954 3.053 1.191 2.169 0.373 0.381 7.168 11.122 
Santa Rosa County, Florida 3.309 0.836 4.145 -1.731 -4.077 -1.177 -0.482 -0.462 -7.929 -3.784 
Sarasota County, Florida 0.240 -0.475 -0.235 -3.210 -2.471 6.872 -0.238 0.753 1.706 1.471 
Seminole County, Florida -0.241 -0.588 -0.829 -3.610 -1.466 -1.884 0.472 0.528 -5.960 -6.790 
Sumter County, Florida 0.758 -0.616 0.142 0.135 -5.353 14.685 -0.432 -0.396 8.639 8.781 
Suwannee County, Florida -0.500 -0.628 -1.128 11.224 1.797 2.185 -0.216 0.052 15.041 13.914 
Taylor County, Florida 0.276 3.638 3.915 9.152 -0.029 2.265 -0.573 -2.424 8.391 12.306 
Union County, Florida -1.017 -0.621 -1.638 11.993 2.493 -1.535 -0.462 -5.522 6.966 5.328 
Volusia County, Florida 0.535 -0.449 0.086 1.510 -0.252 3.121 0.007 0.393 4.778 4.865 
Wakulla County, Florida -0.241 0.329 0.088 4.623 -1.289 -2.070 -0.576 -2.219 -1.532 -1.444 
Walton County, Florida 1.017 -0.207 0.810 0.345 -2.603 3.512 -0.424 -0.345 0.484 1.294 
Washington County, Florida -0.241 0.143 -0.098 10.372 0.166 1.045 -0.594 -1.825 9.163 9.066 
Bryan County, Georgia -1.276 -0.623 -1.899 -0.899 -2.576 -3.598 -0.404 0.338 -7.139 -9.038 
Camden County, Georgia -0.759 -0.624 -1.383 0.603 -1.636 -3.170 -0.424 -0.646 -5.273 -6.656 
Chatham County, Georgia -1.017 -0.634 -1.651 0.226 4.695 -2.530 -0.418 0.562 2.535 0.884 
Glynn County, Georgia -0.759 -0.633 -1.392 1.869 2.577 -0.004 -0.373 0.932 5.000 3.608 
Liberty County, Georgia -1.276 -0.632 -1.908 4.234 4.904 -4.023 -0.021 -0.329 4.766 2.858 
McIntosh County, Georgia -1.276 -0.616 -1.892 7.839 1.808 4.725 -0.713 0.388 14.047 12.155 
Cameron Parish, Louisiana 1.793 2.714 4.506 2.448 -7.648 0.558 -0.539 0.372 -4.810 -0.304 
Iberia Parish, Louisiana 1.017 -0.372 0.645 6.186 2.541 -1.962 -0.572 0.401 6.594 7.239 
Jefferson Parish, Louisiana 1.793 0.772 2.565 -1.191 1.513 -1.836 0.111 0.463 -0.939 1.626 
Lafourche Parish, Louisiana 3.309 2.794 6.103 4.275 -2.240 -1.697 -0.536 0.247 0.050 6.153 
Livingston Parish, Louisiana -0.500 -0.217 -0.717 2.749 -4.290 -3.040 -0.601 0.248 -4.933 -5.649 
Orleans Parish, Louisiana 1.757 7.568 9.325 1.619 11.597 -2.295 -0.452 0.729 11.198 20.523 
Plaquemines Parish, Louisiana 1.793 11.402 13.195 1.819 -1.391 -1.323 -0.414 0.118 -1.191 12.004 
St. Bernard Parish, Louisiana 2.792 14.243 17.034 5.008 2.522 -2.759 -0.161 0.038 4.647 21.682 
St. Charles Parish, Louisiana -0.241 0.517 0.276 -0.339 -2.176 -3.268 -0.439 0.361 -5.861 -5.586 
St. John the Baptist Parish, 
Louisiana 
-0.500 0.546 0.046 3.614 2.910 -2.816 -0.465 0.439 3.681 3.728 
St. Mary Parish, Louisiana 1.275 -0.193 1.082 8.465 4.659 -0.649 -0.404 0.185 12.256 13.338 
St. Tammany Parish, Louisiana 2.016 1.026 3.041 -2.619 -3.609 -1.697 -0.472 0.459 -7.937 -4.895 
Tangipahoa Parish, Louisiana 0.499 -0.147 0.352 6.739 3.347 -2.414 -0.567 0.471 7.577 7.929 
Terrebonne Parish, Louisiana 1.534 -0.220 1.314 3.217 -1.386 -1.739 -0.509 0.137 -0.281 1.033 
Vermilion Parish, Louisiana 0.758 -0.251 0.507 6.248 -0.364 -1.256 -0.623 0.571 4.575 5.082 
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Cumberland County, Maine -1.276 -0.635 -1.911 -5.305 -2.693 -1.658 -0.699 0.445 -9.910 -11.820 
Hancock County, Maine -1.793 -0.632 -2.426 -0.396 -2.422 2.807 -0.741 0.353 -0.399 -2.824 
Knox County, Maine -1.793 -0.564 -2.357 -1.916 -4.085 2.040 -0.751 0.092 -4.620 -6.977 
Lincoln County, Maine -1.793 -0.496 -2.289 -2.202 -5.486 4.137 -0.766 0.363 -3.953 -6.242 
Sagadahoc County, Maine -1.793 -0.496 -2.290 -1.846 -3.943 0.053 -0.728 0.612 -5.852 -8.142 
Waldo County, Maine -1.793 -0.496 -2.289 1.814 -2.968 0.765 -0.752 0.241 -0.901 -3.191 
Washington County, Maine -1.793 -0.564 -2.357 5.320 -0.762 4.203 -0.712 0.179 8.227 5.870 
York County, Maine -1.276 -0.634 -1.910 -3.377 -4.612 -0.187 -0.724 0.437 -8.462 -10.372 
Anne Arundel County, Maryland -2.052 -0.628 -2.680 -11.760 -4.499 -3.588 -0.355 0.114 -20.087 -22.767 
Baltimore County, Maryland -2.052 -0.630 -2.683 -7.219 -0.186 -2.499 -0.497 0.917 -9.484 -12.166 
Calvert County, Maryland -1.793 -0.583 -2.376 -10.288 -5.185 -3.340 -0.602 0.155 -19.259 -21.636 
Caroline County, Maryland -1.535 -0.604 -2.139 1.531 -1.172 -1.646 -0.409 0.486 -1.210 -3.349 
Cecil County, Maryland -1.535 -0.624 -2.159 -2.806 -4.154 -2.041 -0.560 0.046 -9.515 -11.674 
Charles County, Maryland -1.793 -0.604 -2.397 -9.708 -1.819 -4.251 -0.484 0.566 -15.696 -18.093 
Dorchester County, Maryland -1.276 -0.623 -1.899 1.779 2.875 0.230 -0.530 0.750 5.103 3.204 
Harford County, Maryland -2.052 -0.618 -2.671 -7.491 -4.633 -2.987 -0.554 0.324 -15.342 -18.012 
Kent County, Maryland -1.535 -0.588 -2.123 -2.443 -1.692 3.391 -0.532 1.001 -0.275 -2.398 
Prince George's County, 
Maryland 
-2.052 -0.631 -2.683 -5.708 4.430 -4.767 0.297 0.621 -5.126 -7.809 
Queen Anne's County, Maryland -1.535 -0.476 -2.011 -8.811 -7.175 -1.286 -0.597 0.135 -17.735 -19.745 
St. Mary's County, Maryland -1.535 -0.592 -2.126 -8.443 -4.988 -3.209 -0.519 -0.027 -17.185 -19.311 
Somerset County, Maryland -0.500 -0.616 -1.116 6.116 5.690 0.727 -0.584 -1.729 10.221 9.104 
Talbot County, Maryland -1.535 -0.608 -2.142 -5.824 -1.656 2.780 -0.417 0.991 -4.126 -6.269 
Wicomico County, Maryland -0.759 -0.630 -1.388 -0.534 1.329 -3.107 -0.489 0.800 -2.000 -3.389 
Worcester County, Maryland -0.500 -0.624 -1.124 -2.202 -1.635 6.573 -0.604 0.457 2.590 1.466 
Baltimore city, Maryland -2.311 -0.630 -2.941 3.371 14.389 -2.629 -0.514 0.987 15.605 12.664 
Barnstable County, 
Massachusetts 
-1.535 -0.566 -2.100 -7.317 -3.961 5.375 -0.652 0.810 -5.745 -7.845 
Bristol County, Massachusetts -1.276 -0.609 -1.885 -0.707 0.259 -2.278 -0.362 0.509 -2.579 -4.464 
Dukes County, Massachusetts -1.535 0.480 -1.055 -11.314 -4.491 4.190 -0.778 0.100 -12.293 -13.348 
Essex County, Massachusetts -1.276 -0.635 -1.911 -6.765 -0.716 -2.515 0.432 0.610 -8.954 -10.865 
Nantucket County, 
Massachusetts 
-2.052 1.501 -0.551 -17.015 -3.825 1.328 -0.125 -1.167 -20.803 -21.354 
Norfolk County, Massachusetts -1.017 -0.634 -1.652 -14.521 -2.825 -2.880 -0.565 0.701 -20.090 -21.742 
Plymouth County, Massachusetts -1.535 -0.605 -2.140 -6.883 -3.284 -2.062 -0.586 0.402 -12.414 -14.553 
Suffolk County, Massachusetts -1.276 -0.635 -1.911 -6.116 9.989 -5.065 0.651 0.544 0.003 -1.908 
Hancock County, Mississippi 2.274 11.103 13.378 5.102 -0.109 1.169 -0.582 0.287 5.866 19.243 
Harrison County, Mississippi 1.239 3.320 4.559 3.142 3.102 -2.214 -0.455 0.073 3.648 8.207 
Jackson County, Mississippi 2.016 1.668 3.683 1.832 -0.086 -0.880 -0.459 0.228 0.635 4.318 
Rockingham County, New 
Hampshire 
-1.276 -0.635 -1.911 -8.799 -6.689 -2.789 -0.660 0.131 -18.806 -20.717 
Strafford County, New 
Hampshire 
-1.276 -0.635 -1.911 -3.218 -2.918 -3.554 -0.687 0.377 -10.001 -11.912 
Atlantic County, New Jersey -1.017 -0.630 -1.647 -1.758 2.775 -1.243 0.426 0.526 0.725 -0.922 
Bergen County, New Jersey -1.276 -0.635 -1.910 -16.190 -3.262 -1.838 0.415 0.529 -20.346 -22.256 
Burlington County, New Jersey -1.017 -0.634 -1.651 -8.025 -3.229 -2.578 -0.323 0.221 -13.935 -15.586 
Camden County, New Jersey -1.276 -0.634 -1.910 -2.720 1.659 -2.624 0.236 0.548 -2.901 -4.811 
Cape May County, New Jersey -1.017 -0.553 -1.571 -3.251 -2.049 5.960 -0.343 0.421 0.739 -0.832 
Cumberland County, New Jersey -1.017 -0.630 -1.647 3.706 2.766 -2.274 1.159 -0.646 4.712 3.065 
Essex County, New Jersey -1.535 -0.635 -2.169 -3.100 9.305 -3.035 0.676 0.653 4.498 2.329 
Gloucester County, New Jersey -1.017 -0.632 -1.649 -4.935 -3.519 -2.918 -0.455 0.447 -11.380 -13.029 
Hudson County, New Jersey -1.276 -0.634 -1.910 -7.548 7.407 -3.934 2.142 0.042 -1.891 -3.801 
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Middlesex County, New Jersey -1.276 -0.634 -1.910 -14.145 -2.517 -2.927 0.528 0.227 -18.834 -20.744 
Monmouth County, New Jersey -1.017 -0.633 -1.651 -11.604 -3.598 -1.455 -0.118 0.418 -16.356 -18.007 
Ocean County, New Jersey -1.017 -0.632 -1.649 -4.999 -3.482 1.863 -0.221 0.652 -6.187 -7.836 
Salem County, New Jersey -1.535 -0.625 -2.159 -0.035 -0.430 -0.916 -0.297 0.440 -1.237 -3.397 
Union County, New Jersey -1.535 -0.634 -2.169 -6.666 1.444 -3.105 1.214 0.404 -6.709 -8.878 
Bronx County, New York -1.017 -0.635 -1.652 5.885 20.436 -3.166 2.966 1.006 27.126 25.474 
Kings County, New York -1.017 -0.635 -1.653 -5.192 14.263 -3.129 0.532 0.904 7.379 5.726 
Nassau County, New York -0.759 -0.635 -1.393 -15.847 -4.992 -1.825 0.263 0.487 -21.915 -23.308 
New York County, New York -1.276 -0.635 -1.911 -20.138 14.691 -2.955 0.962 0.954 -6.485 -8.396 
Queens County, New York -1.017 -0.635 -1.653 -10.641 6.422 -2.392 1.111 0.489 -5.010 -6.663 
Richmond County, New York -1.276 -0.635 -1.911 -8.359 -0.891 -1.538 0.409 0.515 -9.864 -11.775 
Rockland County, New York -1.535 -0.635 -2.169 -9.765 -2.270 -2.690 0.333 0.282 -14.110 -16.279 
Suffolk County, New York -0.500 -0.635 -1.135 -11.334 -5.256 -1.571 0.406 0.207 -17.547 -18.681 
Westchester County, New York -1.017 -0.635 -1.652 -13.962 -0.176 -1.907 0.788 0.562 -14.696 -16.348 
Beaufort County, North Carolina 1.829 -0.227 1.602 7.281 2.616 2.574 -0.319 0.808 12.960 14.561 
Bertie County, North Carolina 0.276 -0.544 -0.268 11.673 7.467 2.407 -0.716 -0.382 20.449 20.181 
Brunswick County, North 
Carolina 
5.602 -0.419 5.183 3.342 -1.237 5.944 -0.495 0.437 7.990 13.173 
Camden County, North Carolina 0.018 -0.434 -0.416 -1.397 -4.840 -1.896 -0.654 -0.198 -8.984 -9.400 
Carteret County, North Carolina 2.864 -0.318 2.546 1.808 -0.830 3.396 -0.549 0.268 4.092 6.638 
Chowan County, North Carolina 0.018 -0.534 -0.517 7.548 5.275 2.657 -0.602 0.655 15.533 15.016 
Craven County, North Carolina 2.346 -0.431 1.915 2.406 1.481 -1.115 -0.350 -0.264 2.159 4.074 
Currituck County, North Carolina 0.794 -0.130 0.664 -1.000 -6.175 0.661 -0.592 -0.008 -7.113 -6.450 
Dare County, North Carolina 3.345 0.142 3.487 -4.358 -4.194 2.510 -0.357 0.228 -6.171 -2.684 
Gates County, North Carolina -0.241 -0.621 -0.862 6.032 -0.046 -0.159 -0.703 0.149 5.273 4.411 
Hertford County, North Carolina -0.241 -0.629 -0.870 10.799 9.490 0.399 -0.609 0.155 20.234 19.364 
Hyde County, North Carolina 2.864 1.684 4.547 7.174 1.339 0.873 -0.461 -1.705 7.220 11.767 
New Hanover County, North 
Carolina 
5.343 -0.444 4.899 -1.030 1.781 -2.075 -0.458 0.579 -1.203 3.696 
Onslow County, North Carolina 2.828 -0.458 2.370 2.495 0.718 -3.995 -0.024 -1.617 -2.423 -0.054 
Pamlico County, North Carolina 1.570 0.475 2.045 4.128 -1.832 4.551 -0.597 -0.629 5.621 7.666 
Pasquotank County, North 
Carolina 
0.018 -0.622 -0.604 3.858 4.326 -1.472 -0.519 0.282 6.475 5.870 
Pender County, North Carolina 5.084 0.316 5.401 4.510 -1.070 0.810 -0.396 -0.084 3.770 9.170 
Perquimans County, North 
Carolina 
0.018 -0.526 -0.508 6.467 1.082 4.024 -0.673 0.876 11.777 11.268 
Tyrrell County, North Carolina 0.794 2.708 3.501 12.328 5.034 2.499 -0.157 -3.081 16.623 20.124 
Washington County, North 
Carolina 
0.535 0.324 0.859 11.003 8.460 3.049 -0.508 1.403 23.408 24.267 
Delaware County, Pennsylvania -1.535 -0.635 -2.170 -5.969 -0.110 -2.326 -0.596 0.671 -8.330 -10.500 
Philadelphia County, 
Pennsylvania 
-1.793 -0.635 -2.429 3.592 12.894 -2.646 0.097 0.949 14.886 12.457 
Bristol County, Rhode Island -1.535 -0.433 -1.968 -7.391 -3.509 -1.393 -0.667 0.634 -12.326 -14.294 
Kent County, Rhode Island -0.759 -0.633 -1.391 -3.943 -2.594 -1.855 -0.556 0.559 -8.388 -9.780 
Newport County, Rhode Island -1.276 -0.598 -1.874 -7.387 -1.453 -0.358 -0.473 0.270 -9.402 -11.275 
Providence County, Rhode Island -0.759 -0.635 -1.393 0.246 3.282 -2.817 0.582 0.511 1.803 0.410 
Washington County, Rhode 
Island 
-1.017 -0.605 -1.623 -7.002 -4.507 -0.471 -0.634 0.486 -12.127 -13.750 
Beaufort County, South Carolina -0.500 -0.629 -1.128 -4.141 -2.000 3.094 -0.035 0.181 -2.900 -4.028 
Berkeley County, South Carolina 1.275 -0.265 1.011 1.340 -0.460 -3.124 -0.411 -0.020 -2.675 -1.665 
Charleston County, South 
Carolina 
1.275 -0.303 0.972 -2.554 2.272 -2.435 -0.477 0.500 -2.694 -1.722 
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Colleton County, South Carolina 0.758 -0.630 0.128 9.508 4.755 1.542 -0.626 0.710 15.888 16.016 
Georgetown County, South 
Carolina 
1.275 0.340 1.615 3.967 2.074 4.429 -0.617 0.821 10.674 12.289 
Horry County, South Carolina 0.794 -0.244 0.550 2.232 -0.408 2.566 -0.410 0.435 4.415 4.965 
Jasper County, South Carolina -0.759 -0.624 -1.382 9.259 4.446 -2.073 0.140 -0.173 11.599 10.217 
Aransas County, Texas -0.759 2.331 1.573 1.688 -4.201 6.326 0.983 0.100 4.897 6.470 
Brazoria County, Texas 1.275 -0.193 1.083 -3.641 -4.364 -3.222 1.180 -0.335 -10.382 -9.299 
Calhoun County, Texas -0.759 0.025 -0.733 3.265 -2.955 1.137 2.489 -0.088 3.848 3.115 
Cameron County, Texas 1.498 -0.630 0.868 11.719 2.643 -1.337 5.323 0.579 18.928 19.796 
Chambers County, Texas 2.310 0.875 3.185 0.529 -6.492 -1.278 0.619 -0.141 -6.764 -3.579 
Galveston County, Texas 2.569 1.143 3.712 -2.521 -1.555 -1.918 0.800 0.126 -5.068 -1.357 
Harris County, Texas 1.793 -0.472 1.320 -1.535 0.768 -3.953 2.058 0.022 -2.641 -1.321 
Jackson County, Texas -1.017 1.170 0.152 1.974 -4.539 1.311 1.312 0.392 0.450 0.603 
Jefferson County, Texas 1.534 -0.528 1.006 2.508 3.419 -1.590 0.460 -0.494 4.302 5.308 
Kenedy County, Texas 1.757 2.696 4.453 6.490 -2.100 2.225 3.770 -0.895 9.490 13.943 
Kleberg County, Texas 0.240 -0.611 -0.370 8.488 4.102 -2.996 4.127 -0.754 12.968 12.597 
Matagorda County, Texas 1.017 0.209 1.226 5.658 -0.674 0.681 1.939 0.106 7.710 8.935 
Nueces County, Texas -0.500 -0.459 -0.959 1.432 0.044 -2.555 3.480 0.223 2.624 1.666 
Orange County, Texas 0.499 -0.375 0.124 2.795 -2.353 -0.868 -0.367 0.092 -0.701 -0.577 
Refugio County, Texas -1.017 3.398 2.381 4.198 -1.964 2.647 2.589 -0.063 7.407 9.788 
San Patricio County, Texas -1.017 -0.334 -1.351 2.314 -3.401 -1.105 3.035 -0.078 0.765 -0.586 
Willacy County, Texas 1.498 -0.516 0.982 15.677 4.198 0.631 5.251 -1.668 24.089 25.071 
Accomack County, Virginia 0.018 -0.594 -0.577 4.364 0.736 3.377 -0.221 0.417 8.673 8.096 
Arlington County, Virginia -2.311 -0.634 -2.945 -23.292 -1.037 -5.980 0.243 -0.081 -30.147 -33.092 
Charles City County, Virginia -1.535 -0.427 -1.962 3.019 -0.045 0.797 -0.716 0.117 3.171 1.210 
Essex County, Virginia -1.535 -0.453 -1.988 3.702 0.600 1.063 -0.795 1.311 5.882 3.894 
Fairfax County, Virginia -2.311 -0.635 -2.946 -22.997 -5.413 -4.259 0.288 0.113 -32.268 -35.214 
Gloucester County, Virginia -0.759 -0.595 -1.353 -2.824 -5.766 -0.361 -0.623 0.142 -9.432 -10.786 
Isle of Wight County, Virginia -0.500 -0.587 -1.087 -1.027 -2.871 -1.015 -0.657 0.305 -5.265 -6.353 
James City County, Virginia -1.276 -0.607 -1.883 -9.178 -4.813 1.200 -0.468 0.498 -12.759 -14.642 
King and Queen County, Virginia -1.276 -0.481 -1.757 0.191 -3.166 1.661 -0.602 -0.664 -2.580 -4.337 
King George County, Virginia -1.793 -0.550 -2.344 -6.470 -5.222 -2.958 -0.539 -0.134 -15.323 -17.667 
King William County, Virginia -1.276 -0.558 -1.834 -2.663 -5.397 -1.976 -0.777 0.358 -10.456 -12.290 
Lancaster County, Virginia -1.017 -0.442 -1.459 -1.265 0.269 7.663 -0.723 1.004 6.949 5.490 
Mathews County, Virginia -0.759 -0.342 -1.101 -4.751 -7.873 5.342 -0.735 1.330 -6.687 -7.788 
Middlesex County, Virginia -1.017 -0.357 -1.374 -1.694 -3.677 6.240 -0.692 0.120 0.297 -1.077 
New Kent County, Virginia -1.276 -0.565 -1.841 -4.343 -7.005 -2.752 -0.663 -0.577 -15.340 -17.181 
Northampton County, Virginia 0.018 -0.456 -0.438 5.371 4.882 4.239 -0.275 0.456 14.673 14.235 
Northumberland County, Virginia -1.017 -0.452 -1.469 0.172 -1.730 7.993 -0.800 0.571 6.206 4.737 
Prince George County, Virginia -1.017 -0.564 -1.581 -1.465 -1.485 -2.889 -0.336 -1.809 -7.984 -9.565 
Prince William County, Virginia -2.311 -0.634 -2.945 -13.144 -5.168 -5.441 0.661 -0.013 -23.106 -26.051 
Richmond County, Virginia -1.535 0.477 -1.057 3.592 0.413 1.672 -0.399 -2.842 2.437 1.380 
Stafford County, Virginia -2.311 -0.632 -2.943 -11.502 -6.613 -4.696 -0.090 -0.206 -23.107 -26.050 
Surry County, Virginia -1.276 -0.288 -1.564 3.703 0.708 1.071 -0.719 0.264 5.027 3.463 
Westmoreland County, Virginia -1.535 -0.498 -2.033 2.481 0.766 3.478 -0.408 0.339 6.655 4.622 
York County, Virginia -0.500 -0.609 -1.108 -10.039 -5.721 -2.004 -0.453 0.242 -17.975 -19.083 
Alexandria city, Virginia -2.311 -0.633 -2.944 -17.253 0.934 -5.314 0.319 0.569 -20.744 -23.688 
Chesapeake city, Virginia -0.241 -0.627 -0.868 -5.107 -1.618 -3.798 -0.480 0.351 -10.651 -11.519 
Hampton city, Virginia -0.759 -0.624 -1.383 -0.403 5.118 -2.814 -0.470 0.581 2.012 0.629 
Newport News city, Virginia -0.759 -0.560 -1.318 -0.628 5.024 -3.980 -0.261 0.511 0.667 -0.651 
Norfolk city, Virginia -0.241 -0.628 -0.869 1.039 7.758 -4.878 -0.328 -0.883 2.708 1.839 
Poquoson city, Virginia -1.017 -0.432 -1.449 -9.192 -8.128 -1.431 -0.675 0.312 -19.115 -20.563 
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Portsmouth city, Virginia -0.759 -0.619 -1.378 2.670 7.538 -2.726 -0.578 0.636 7.541 6.163 
Suffolk city, Virginia -0.500 -0.612 -1.112 -2.633 0.519 -2.826 -0.582 0.604 -4.918 -6.030 
Virginia Beach city, Virginia 0.276 -0.631 -0.355 -8.050 -2.325 -3.944 -0.310 0.244 -14.385 -14.740 
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Appendix C. 1980 index factor score, component scores, and total scores.                 
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Baldwin County, Alabama 5.566 0.156 5.721 2.709 -1.463 0.966 -0.337 0.060 1.934 7.655 
Mobile County, Alabama 2.792 -0.364 2.428 1.748 2.696 -1.565 -0.334 0.439 2.984 5.413 
Fairfield County, Connecticut -1.017 -0.634 -1.651 -17.470 -2.840 -2.014 0.065 0.478 -21.781 -23.432 
Middlesex County, Connecticut -1.017 -0.560 -1.577 -7.739 -4.224 -2.314 -0.304 0.047 -14.534 -16.111 
New Haven County, Connecticut -0.759 -0.634 -1.392 -5.857 -0.349 -1.953 -0.111 0.602 -7.668 -9.060 
New London County, Connecticut -0.759 -0.631 -1.390 -5.304 -2.601 -2.091 -0.254 -0.703 -10.953 -12.342 
Kent County, Delaware -1.276 -0.632 -1.908 0.967 0.075 -3.158 -0.271 -0.081 -2.468 -4.376 
New Castle County, Delaware -1.535 -0.635 -2.170 -5.749 -0.584 -2.823 -0.269 0.440 -8.986 -11.156 
Sussex County, Delaware -0.500 -0.633 -1.132 2.327 -1.508 1.897 -0.352 0.388 2.752 1.620 
District of Columbia, District of 
Columbia 
-2.311 -0.624 -2.935 -7.194 13.839 -3.067 -0.183 1.257 4.652 1.717 
Alachua County, Florida -0.500 -0.500 -0.999 -1.347 2.636 -4.541 -0.141 -0.524 -3.917 -4.917 
Baker County, Florida -0.759 -0.635 -1.393 6.811 -2.451 -1.840 -0.320 -0.921 1.279 -0.114 
Bay County, Florida -0.241 -0.310 -0.551 1.286 -0.346 -0.781 -0.288 -0.093 -0.222 -0.773 
Bradford County, Florida -1.017 -0.622 -1.639 7.432 0.522 -0.127 -0.315 -2.143 5.369 3.730 
Brevard County, Florida 2.088 -0.517 1.570 -3.927 -3.127 -0.293 -0.254 -0.224 -7.826 -6.256 
Broward County, Florida 3.050 -0.230 2.821 -8.903 -2.326 3.411 -0.078 0.688 -7.208 -4.387 
Calhoun County, Florida -1.276 1.583 0.307 10.563 1.219 2.016 -0.388 0.556 13.966 14.274 
Charlotte County, Florida 1.017 0.006 1.022 -2.713 -4.824 12.607 -0.323 0.930 5.676 6.699 
Citrus County, Florida -0.500 -0.549 -1.049 4.712 -3.248 10.483 -0.303 0.446 12.090 11.041 
Clay County, Florida -1.017 -0.632 -1.649 -3.671 -4.267 -2.089 -0.278 -0.098 -10.403 -12.053 
Collier County, Florida 4.308 2.541 6.849 -9.664 -3.596 4.722 0.521 -0.313 -8.330 -1.481 
Columbia County, Florida -0.241 -0.631 -0.872 4.992 -0.124 -1.539 -0.335 0.007 3.001 2.129 
DeSoto County, Florida 0.758 1.310 2.068 5.731 -0.755 1.718 -0.144 -0.483 6.066 8.135 
Dixie County, Florida 0.018 -0.134 -0.116 11.064 0.334 3.610 -0.349 -1.231 13.428 13.311 
Duval County, Florida -1.017 -0.635 -1.653 -1.753 2.038 -2.405 -0.265 0.370 -2.015 -3.668 
Escambia County, Florida 4.826 -0.059 4.767 0.313 1.351 -1.787 -0.280 0.108 -0.295 4.472 
Flagler County, Florida -1.017 -0.454 -1.472 -1.271 -1.656 5.424 -0.275 0.196 2.419 0.948 
Franklin County, Florida 0.276 0.531 0.808 10.134 2.477 3.466 -0.346 -0.015 15.717 16.525 
Gadsden County, Florida -0.759 -0.454 -1.212 10.674 8.122 -0.941 -0.293 0.830 18.392 17.180 
Gilchrist County, Florida -1.017 -0.540 -1.557 5.714 -3.888 1.401 -0.339 -0.485 2.402 0.846 
Glades County, Florida 3.050 0.482 3.533 7.615 -2.086 4.873 -0.092 -0.176 10.134 13.667 
Gulf County, Florida 0.758 0.403 1.161 7.155 0.074 2.188 -0.305 -0.164 8.948 10.109 
Hamilton County, Florida -0.500 -0.565 -1.065 10.481 4.192 0.162 -0.365 0.633 15.103 14.038 
Hardee County, Florida 0.758 0.025 0.783 7.700 0.387 -0.674 1.043 -0.493 7.963 8.746 
Hendry County, Florida 2.792 0.225 3.016 3.906 -0.641 -1.761 0.704 -0.662 1.546 4.562 
Hernando County, Florida -0.500 -0.548 -1.047 3.506 -3.995 8.245 -0.261 0.391 7.885 6.838 
Highlands County, Florida 3.309 -0.324 2.986 3.364 -0.983 8.254 -0.099 0.217 10.751 13.737 
Hillsborough County, Florida 1.534 -0.629 0.905 -1.271 -0.493 -1.609 0.447 0.305 -2.621 -1.716 
Holmes County, Florida -1.017 0.230 -0.787 9.202 -0.095 1.535 -0.355 0.019 10.305 9.518 
Indian River County, Florida 2.828 -0.104 2.724 -4.914 -2.733 4.023 -0.223 0.074 -3.773 -1.049 
Jackson County, Florida -1.017 -0.146 -1.163 6.799 1.492 -0.113 -0.329 -0.227 7.621 6.459 
Jefferson County, Florida -0.241 0.231 -0.010 8.990 5.522 -0.606 -0.367 0.350 13.889 13.879 
Lafayette County, Florida -0.759 0.266 -0.493 7.202 -3.177 2.057 -0.359 -0.298 5.426 4.933 
Lake County, Florida 1.275 -0.632 0.644 2.532 -2.424 6.412 -0.237 0.601 6.883 7.526 
Lee County, Florida 2.274 -0.497 1.777 -3.949 -3.604 5.693 -0.181 0.426 -1.615 0.162 
Leon County, Florida -0.241 -0.607 -0.848 -2.866 1.959 -5.232 -0.283 0.375 -6.045 -6.893 
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Levy County, Florida -0.500 -0.303 -0.803 7.898 -0.673 3.094 -0.312 0.212 10.220 9.417 
Liberty County, Florida -0.241 1.422 1.181 8.143 -1.008 0.526 -0.364 -0.445 6.851 8.032 
Madison County, Florida -0.500 -0.368 -0.867 11.305 5.645 0.569 -0.344 0.963 18.137 17.270 
Manatee County, Florida 0.758 -0.439 0.319 -1.546 -2.250 7.675 -0.238 1.089 4.729 5.047 
Marion County, Florida -0.241 -0.620 -0.861 3.313 -0.754 2.914 -0.282 0.406 5.597 4.736 
Martin County, Florida 4.085 -0.268 3.818 -5.870 -4.688 6.573 -0.140 0.048 -4.077 -0.260 
Miami-Dade County, Florida 2.533 -0.360 2.173 -6.438 2.152 -0.226 2.718 0.810 -0.984 1.189 
Monroe County, Florida 5.343 6.501 11.844 -5.601 -1.954 2.110 0.571 -1.382 -6.257 5.587 
Nassau County, Florida -0.500 -0.628 -1.127 2.598 -3.059 -0.975 -0.306 -0.407 -2.150 -3.277 
Okaloosa County, Florida 2.533 0.482 3.015 -1.698 -1.392 -2.838 -0.220 -0.851 -7.000 -3.985 
Okeechobee County, Florida 2.569 2.413 4.982 3.952 -2.834 2.428 -0.009 -1.041 2.497 7.479 
Orange County, Florida 1.793 -0.629 1.164 -3.893 -0.633 -2.806 -0.058 0.159 -7.231 -6.067 
Osceola County, Florida 3.827 -0.536 3.291 1.124 -2.385 2.299 -0.232 0.530 1.335 4.626 
Palm Beach County, Florida 4.085 -0.516 3.569 -8.705 -2.403 4.821 0.008 0.604 -5.674 -2.105 
Pasco County, Florida 1.017 -0.631 0.386 2.964 -3.826 10.873 -0.212 0.644 10.442 10.828 
Pinellas County, Florida -0.241 -0.609 -0.851 -3.315 -1.172 6.736 -0.299 1.387 3.336 2.486 
Polk County, Florida 2.052 -0.600 1.452 0.725 -1.480 0.437 -0.163 -0.099 -0.580 0.872 
Putnam County, Florida -0.759 -0.563 -1.322 8.253 0.642 2.999 -0.323 0.238 11.809 10.488 
St. Johns County, Florida -0.241 -0.294 -0.535 -0.488 -1.316 0.944 -0.234 0.634 -0.460 -0.996 
St. Lucie County, Florida 4.344 -0.390 3.954 -0.013 -0.046 2.518 -0.251 0.116 2.324 6.278 
Santa Rosa County, Florida 3.309 0.836 4.145 1.154 -2.213 -1.923 -0.308 -0.579 -3.869 0.276 
Sarasota County, Florida 0.240 -0.475 -0.235 -6.434 -3.531 8.873 -0.296 1.249 -0.139 -0.374 
Seminole County, Florida -0.241 -0.588 -0.829 -6.932 -3.743 -2.513 -0.174 0.296 -13.067 -13.897 
Sumter County, Florida 0.758 -0.616 0.142 8.869 -0.612 2.712 -0.243 -0.969 9.757 9.899 
Suwannee County, Florida -0.500 -0.628 -1.128 8.380 -0.049 0.799 -0.320 0.135 8.945 7.817 
Taylor County, Florida 0.276 3.638 3.915 6.745 1.846 -0.603 -0.355 0.220 7.853 11.768 
Union County, Florida -1.017 -0.621 -1.638 7.205 0.832 -3.198 -0.195 -9.479 -4.836 -6.474 
Volusia County, Florida 0.535 -0.449 0.086 -0.405 -0.444 4.391 -0.286 0.728 3.984 4.070 
Wakulla County, Florida -0.241 0.329 0.088 8.421 -1.621 -0.013 -0.343 -0.147 6.296 6.384 
Walton County, Florida 1.017 -0.207 0.810 6.381 -0.627 4.255 -0.355 0.191 9.846 10.656 
Washington County, Florida -0.241 0.143 -0.098 8.202 0.182 2.366 -0.357 0.269 10.663 10.566 
Bryan County, Georgia -1.276 -0.623 -1.899 10.341 0.302 -1.719 -0.353 -0.044 8.526 6.627 
Camden County, Georgia -0.759 -0.624 -1.383 6.470 1.359 -0.957 -0.351 -0.253 6.267 4.884 
Chatham County, Georgia -1.017 -0.634 -1.651 1.009 4.831 -1.613 -0.327 0.608 4.508 2.857 
Glynn County, Georgia -0.759 -0.633 -1.392 -0.232 0.703 -1.781 -0.345 0.592 -1.063 -2.455 
Liberty County, Georgia -1.276 -0.632 -1.908 4.594 4.308 -3.059 -0.085 -4.292 1.466 -0.442 
McIntosh County, Georgia -1.276 -0.616 -1.892 12.727 5.373 0.750 -0.382 0.111 18.580 16.688 
Cameron Parish, Louisiana 1.793 2.714 4.506 2.588 -4.301 1.855 -0.260 -0.696 -0.813 3.693 
Iberia Parish, Louisiana 1.017 -0.372 0.645 1.546 -0.326 -1.709 -0.105 0.038 -0.555 0.089 
Jefferson Parish, Louisiana 1.793 0.772 2.565 -7.995 -2.610 -3.000 -0.005 0.001 -13.609 -11.044 
Lafourche Parish, Louisiana 3.309 2.794 6.103 0.212 -3.884 -1.520 -0.251 -0.259 -5.702 0.401 
Livingston Parish, Louisiana -0.500 -0.217 -0.717 3.300 -4.044 -0.943 -0.325 -0.341 -2.354 -3.071 
Orleans Parish, Louisiana 1.757 7.568 9.325 -1.028 11.753 -1.201 -0.123 0.990 10.390 19.715 
Plaquemines Parish, Louisiana 1.793 11.402 13.195 3.766 -2.372 0.017 -0.185 -1.011 0.215 13.410 
St. Bernard Parish, Louisiana 2.792 14.243 17.034 -1.989 -4.714 -2.033 0.282 0.132 -8.322 8.712 
St. Charles Parish, Louisiana -0.241 0.517 0.276 0.182 -2.011 -2.318 -0.232 -0.529 -4.908 -4.632 
St. John the Baptist Parish, 
Louisiana 
-0.500 0.546 0.046 0.986 -0.370 -1.600 -0.239 -0.279 -1.503 -1.457 
St. Mary Parish, Louisiana 1.275 -0.193 1.082 -0.571 -0.368 -2.132 -0.211 -0.383 -3.666 -2.583 
St. Tammany Parish, Louisiana 2.016 1.026 3.041 -3.832 -3.803 -1.032 -0.247 -0.324 -9.240 -6.198 
Tangipahoa Parish, Louisiana 0.499 -0.147 0.352 6.833 3.883 -0.534 -0.311 0.422 10.292 10.644 
Terrebonne Parish, Louisiana 1.534 -0.220 1.314 -1.894 -3.456 -2.087 -0.277 -0.477 -8.190 -6.877 
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Vermilion Parish, Louisiana 0.758 -0.251 0.507 3.226 -1.787 0.753 -0.276 0.188 2.105 2.612 
Cumberland County, Maine -1.276 -0.635 -1.911 -3.327 -0.954 -0.993 -0.381 0.591 -5.064 -6.975 
Hancock County, Maine -1.793 -0.632 -2.426 3.420 -0.087 3.504 -0.389 0.006 6.454 4.028 
Knox County, Maine -1.793 -0.564 -2.357 2.141 0.565 2.502 -0.391 0.279 5.095 2.738 
Lincoln County, Maine -1.793 -0.496 -2.289 1.294 -2.258 3.823 -0.404 0.136 2.591 0.302 
Sagadahoc County, Maine -1.793 -0.496 -2.290 0.011 -2.230 -0.718 -0.352 -0.062 -3.351 -5.641 
Waldo County, Maine -1.793 -0.496 -2.289 7.473 1.153 1.435 -0.397 -0.321 9.343 7.053 
Washington County, Maine -1.793 -0.564 -2.357 8.983 2.036 3.583 -0.408 -0.054 14.141 11.784 
York County, Maine -1.276 -0.634 -1.910 -0.964 -3.034 0.460 -0.385 0.062 -3.861 -5.770 
Anne Arundel County, Maryland -2.052 -0.628 -2.680 -8.950 -4.230 -3.956 -0.317 -0.786 -18.238 -20.918 
Baltimore County, Maryland -2.052 -0.630 -2.683 -9.741 -2.981 -3.006 -0.354 0.445 -15.637 -18.320 
Calvert County, Maryland -1.793 -0.583 -2.376 -2.712 -2.539 -1.777 -0.360 -0.381 -7.769 -10.145 
Caroline County, Maryland -1.535 -0.604 -2.139 3.683 -0.853 -0.929 -0.361 0.217 1.757 -0.382 
Cecil County, Maryland -1.535 -0.624 -2.159 0.419 -2.943 -1.205 -0.368 -0.503 -4.600 -6.759 
Charles County, Maryland -1.793 -0.604 -2.397 -5.941 -4.120 -4.390 -0.313 -0.477 -15.241 -17.638 
Dorchester County, Maryland -1.276 -0.623 -1.899 3.816 2.599 -0.497 -0.342 0.665 6.241 4.342 
Harford County, Maryland -2.052 -0.618 -2.671 -5.724 -3.949 -3.628 -0.321 -0.635 -14.256 -16.927 
Kent County, Maryland -1.535 -0.588 -2.123 1.580 0.695 0.553 -0.330 0.414 2.912 0.788 
Prince George's County, 
Maryland 
-2.052 -0.631 -2.683 -11.726 0.379 -6.195 -0.236 0.144 -17.633 -20.316 
Queen Anne's County, Maryland -1.535 -0.476 -2.011 -1.580 -3.327 -0.658 -0.348 -0.134 -6.048 -8.058 
St. Mary's County, Maryland -1.535 -0.592 -2.126 -2.385 -2.192 -2.736 -0.307 -0.763 -8.384 -10.510 
Somerset County, Maryland -0.500 -0.616 -1.116 8.138 3.937 0.417 -0.369 0.513 12.636 11.520 
Talbot County, Maryland -1.535 -0.608 -2.142 -4.853 -0.913 0.709 -0.381 0.796 -4.643 -6.785 
Wicomico County, Maryland -0.759 -0.630 -1.388 -0.575 0.409 -2.233 -0.371 0.787 -1.983 -3.372 
Worcester County, Maryland -0.500 -0.624 -1.124 1.942 1.990 3.783 -0.359 0.344 7.700 6.576 
Baltimore city, Maryland -2.311 -0.630 -2.941 4.989 13.568 -1.322 -0.341 1.061 17.955 15.014 
Barnstable County, 
Massachusetts 
-1.535 -0.566 -2.100 -6.735 -2.245 5.669 -0.364 0.889 -2.786 -4.886 
Bristol County, Massachusetts -1.276 -0.609 -1.885 0.745 0.055 -1.783 -0.233 0.704 -0.512 -2.397 
Dukes County, Massachusetts -1.535 0.480 -1.055 -6.112 -0.499 5.359 -0.350 1.185 -0.417 -1.472 
Essex County, Massachusetts -1.276 -0.635 -1.911 -6.425 -0.866 -1.516 -0.191 0.788 -8.211 -10.122 
Nantucket County, 
Massachusetts 
-2.052 1.501 -0.551 -16.865 -2.370 3.363 -0.371 0.456 -15.787 -16.338 
Norfolk County, Massachusetts -1.017 -0.634 -1.652 -12.577 -3.031 -2.626 -0.359 0.778 -17.815 -19.467 
Plymouth County, Massachusetts -1.535 -0.605 -2.140 -4.714 -2.755 -1.814 -0.330 0.233 -9.381 -11.521 
Suffolk County, Massachusetts -1.276 -0.635 -1.911 -3.698 10.235 -2.160 0.116 0.848 5.342 3.431 
Hancock County, Mississippi 2.274 11.103 13.378 3.000 -0.705 2.994 -0.272 -0.619 4.399 17.776 
Harrison County, Mississippi 1.239 3.320 4.559 0.629 1.545 -1.909 -0.257 -0.577 -0.569 3.990 
Jackson County, Mississippi 2.016 1.668 3.683 1.534 -1.016 -2.602 -0.315 -0.518 -2.917 0.766 
Rockingham County, New 
Hampshire 
-1.276 -0.635 -1.911 -6.288 -5.066 -2.711 -0.370 -0.309 -14.743 -16.655 
Strafford County, New 
Hampshire 
-1.276 -0.635 -1.911 -1.668 -2.108 -2.819 -0.372 0.332 -6.635 -8.546 
Atlantic County, New Jersey -1.017 -0.630 -1.647 -2.231 3.318 0.755 -0.082 0.936 2.697 1.049 
Bergen County, New Jersey -1.276 -0.635 -1.910 -17.048 -3.630 -1.847 -0.130 0.472 -22.182 -24.093 
Burlington County, New Jersey -1.017 -0.634 -1.651 -6.602 -3.238 -3.410 -0.216 -0.537 -14.004 -15.654 
Camden County, New Jersey -1.276 -0.634 -1.910 -3.125 0.951 -1.667 -0.042 0.568 -3.314 -5.224 
Cape May County, New Jersey -1.017 -0.553 -1.571 -0.024 2.229 7.106 -0.299 0.440 9.453 7.882 
Cumberland County, New Jersey -1.017 -0.630 -1.647 2.203 2.076 -1.674 0.403 0.714 3.721 2.074 
Essex County, New Jersey -1.535 -0.635 -2.169 -5.306 8.907 -1.887 0.365 1.104 3.183 1.014 
Gloucester County, New Jersey -1.017 -0.632 -1.649 -2.546 -2.796 -2.323 -0.320 0.119 -7.866 -9.515 
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Hudson County, New Jersey -1.276 -0.634 -1.910 -1.269 8.990 -1.298 1.867 0.775 9.066 7.156 
Middlesex County, New Jersey -1.276 -0.634 -1.910 -10.447 -3.223 -3.670 0.078 -0.055 -17.317 -19.227 
Monmouth County, New Jersey -1.017 -0.633 -1.651 -9.614 -1.907 -1.078 -0.200 0.418 -12.381 -14.032 
Ocean County, New Jersey -1.017 -0.632 -1.649 -3.033 -2.387 5.005 -0.212 0.728 0.100 -1.549 
Salem County, New Jersey -1.535 -0.625 -2.159 0.891 -0.044 -0.540 -0.290 0.145 0.162 -1.997 
Union County, New Jersey -1.535 -0.634 -2.169 -10.535 -0.616 -1.729 0.285 0.606 -11.988 -14.157 
Bronx County, New York -1.017 -0.635 -1.652 3.022 17.941 -0.168 2.557 1.680 25.032 23.380 
Kings County, New York -1.017 -0.635 -1.653 0.469 15.382 -0.351 1.120 1.372 17.993 16.340 
Nassau County, New York -0.759 -0.635 -1.393 -16.128 -5.186 -2.001 -0.138 0.410 -23.043 -24.436 
New York County, New York -1.276 -0.635 -1.911 -16.849 18.056 -1.512 1.645 0.971 2.312 0.400 
Queens County, New York -1.017 -0.635 -1.653 -9.930 6.405 -0.539 0.795 1.185 -2.083 -3.736 
Richmond County, New York -1.276 -0.635 -1.911 -8.368 -0.802 -1.633 0.046 0.344 -10.414 -12.325 
Rockland County, New York -1.535 -0.635 -2.169 -13.828 -4.405 -3.349 -0.027 0.245 -21.364 -23.533 
Suffolk County, New York -0.500 -0.635 -1.135 -8.386 -4.637 -1.795 -0.024 0.142 -14.700 -15.835 
Westchester County, New York -1.017 -0.635 -1.652 -18.647 -0.037 -1.711 0.036 0.884 -19.474 -21.127 
Beaufort County, North Carolina 1.829 -0.227 1.602 5.745 1.860 0.387 -0.376 0.685 8.300 9.901 
Bertie County, North Carolina 0.276 -0.544 -0.268 9.796 6.189 0.101 -0.303 0.803 16.586 16.318 
Brunswick County, North 
Carolina 
5.602 -0.419 5.183 6.422 -0.130 2.750 -0.350 -0.136 8.556 13.739 
Camden County, North Carolina 0.018 -0.434 -0.416 7.411 0.366 0.919 -0.370 0.199 8.525 8.108 
Carteret County, North Carolina 2.864 -0.318 2.546 3.629 -2.000 2.146 -0.363 -0.363 3.049 5.595 
Chowan County, North Carolina 0.018 -0.534 -0.517 6.773 4.534 1.312 -0.374 0.893 13.138 12.621 
Craven County, North Carolina 2.346 -0.431 1.915 3.315 2.075 -2.475 -0.259 -1.143 1.513 3.428 
Currituck County, North Carolina 0.794 -0.130 0.664 8.976 0.241 2.012 -0.351 -0.932 9.946 10.609 
Dare County, North Carolina 3.345 0.142 3.487 -2.503 -2.454 3.352 -0.390 -0.376 -2.370 1.117 
Gates County, North Carolina -0.241 -0.621 -0.862 7.871 1.682 1.271 -0.352 -0.445 10.027 9.165 
Hertford County, North Carolina -0.241 -0.629 -0.870 7.641 5.580 -0.928 -0.337 0.499 12.455 11.585 
Hyde County, North Carolina 2.864 1.684 4.547 12.040 6.090 2.472 -0.345 0.146 20.402 24.949 
New Hanover County, North 
Carolina 
5.343 -0.444 4.899 0.088 1.459 -1.804 -0.360 0.586 -0.032 4.868 
Onslow County, North Carolina 2.828 -0.458 2.370 4.786 1.531 -3.304 -0.085 -4.940 -2.012 0.357 
Pamlico County, North Carolina 1.570 0.475 2.045 6.888 0.795 2.574 -0.381 0.355 10.230 12.275 
Pasquotank County, North 
Carolina 
0.018 -0.622 -0.604 4.817 3.311 -1.310 -0.368 0.417 6.867 6.263 
Pender County, North Carolina 5.084 0.316 5.401 7.294 1.426 0.852 -0.347 -0.032 9.194 14.595 
Perquimans County, North 
Carolina 
0.018 -0.526 -0.508 9.489 2.902 3.086 -0.350 0.525 15.651 15.143 
Tyrrell County, North Carolina 0.794 2.708 3.501 14.922 7.935 2.103 -0.395 0.862 25.427 28.929 
Washington County, North 
Carolina 
0.535 0.324 0.859 7.776 3.401 -0.530 -0.345 0.140 10.442 11.301 
Delaware County, Pennsylvania -1.535 -0.635 -2.170 -6.648 -1.599 -1.212 -0.360 0.583 -9.235 -11.405 
Philadelphia County, 
Pennsylvania 
-1.793 -0.635 -2.429 4.242 10.841 0.048 -0.095 1.227 16.263 13.834 
Bristol County, Rhode Island -1.535 -0.433 -1.968 -6.062 -3.202 -1.966 -0.287 0.092 -11.424 -13.392 
Kent County, Rhode Island -0.759 -0.633 -1.391 -4.265 -3.479 -2.545 -0.365 0.398 -10.256 -11.647 
Newport County, Rhode Island -1.276 -0.598 -1.874 -4.841 -0.373 -1.182 -0.290 -0.116 -6.800 -8.674 
Providence County, Rhode Island -0.759 -0.635 -1.393 -0.637 2.115 -1.176 -0.181 0.923 1.045 -0.349 
Washington County, Rhode 
Island 
-1.017 -0.605 -1.623 -5.532 -3.094 -1.282 -0.361 0.005 -10.264 -11.887 
Beaufort County, South Carolina -0.500 -0.629 -1.128 -2.286 2.499 -1.470 -0.172 -2.051 -3.480 -4.609 
Berkeley County, South Carolina 1.275 -0.265 1.011 0.644 -0.730 -3.180 -0.251 -0.681 -4.197 -3.186 
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Charleston County, South 
Carolina 
1.275 -0.303 0.972 -0.096 3.719 -3.424 -0.309 -0.833 -0.944 0.028 
Colleton County, South Carolina 0.758 -0.630 0.128 8.317 4.150 -0.914 -0.295 0.448 11.706 11.835 
Georgetown County, South 
Carolina 
1.275 0.340 1.615 5.158 3.056 -1.344 -0.322 0.288 6.836 8.451 
Horry County, South Carolina 0.794 -0.244 0.550 1.513 -0.001 -0.366 -0.328 0.125 0.943 1.493 
Jasper County, South Carolina -0.759 -0.624 -1.382 9.344 5.863 -0.888 -0.343 0.462 14.438 13.056 
Aransas County, Texas -0.759 2.331 1.573 -0.459 -3.539 5.106 1.253 -0.068 2.293 3.866 
Brazoria County, Texas 1.275 -0.193 1.083 -5.411 -5.970 -3.176 0.750 -1.860 -15.666 -14.583 
Calhoun County, Texas -0.759 0.025 -0.733 -1.303 -5.111 -0.302 2.564 -0.451 -4.604 -5.337 
Cameron County, Texas 1.498 -0.630 0.868 8.417 2.187 -1.099 6.357 0.469 16.330 17.198 
Chambers County, Texas 2.310 0.875 3.185 -1.020 -5.012 -1.115 -0.129 -0.626 -7.902 -4.717 
Galveston County, Texas 2.569 1.143 3.712 -4.748 -1.527 -2.006 0.632 -0.108 -7.757 -4.045 
Harris County, Texas 1.793 -0.472 1.320 -11.107 -1.526 -4.070 0.922 -0.431 -16.212 -14.892 
Jackson County, Texas -1.017 1.170 0.152 2.493 -2.985 1.530 1.217 -0.011 2.245 2.397 
Jefferson County, Texas 1.534 -0.528 1.006 -2.431 0.142 -1.106 -0.066 0.236 -3.224 -2.219 
Kenedy County, Texas 1.757 2.696 4.453 2.740 1.993 3.383 6.866 -0.533 14.450 18.903 
Kleberg County, Texas 0.240 -0.611 -0.370 1.207 -0.308 -2.639 4.166 -0.881 1.546 1.175 
Matagorda County, Texas 1.017 0.209 1.226 -1.710 -2.995 -0.214 1.427 -0.637 -4.130 -2.904 
Nueces County, Texas -0.500 -0.459 -0.959 -1.746 -1.456 -2.651 3.880 -0.012 -1.984 -2.943 
Orange County, Texas 0.499 -0.375 0.124 0.246 -3.838 -1.394 -0.241 -0.199 -5.426 -5.302 
Refugio County, Texas -1.017 3.398 2.381 3.772 -2.498 1.109 2.942 -0.431 4.894 7.275 
San Patricio County, Texas -1.017 -0.334 -1.351 1.456 -3.174 -1.056 3.650 -0.084 0.792 -0.559 
Willacy County, Texas 1.498 -0.516 0.982 12.386 3.230 -0.489 6.640 0.394 22.161 23.143 
Accomack County, Virginia 0.018 -0.594 -0.577 7.858 4.292 1.525 -0.308 0.970 14.336 13.759 
Arlington County, Virginia -2.311 -0.634 -2.945 -21.684 1.694 -4.176 0.085 0.568 -23.514 -26.458 
Charles City County, Virginia -1.535 -0.427 -1.962 5.059 0.341 -3.949 -0.297 -0.440 0.713 -1.249 
Essex County, Virginia -1.535 -0.453 -1.988 1.465 -0.698 1.651 -0.353 0.644 2.709 0.721 
Fairfax County, Virginia -2.311 -0.635 -2.946 -23.622 -5.859 -5.485 -0.138 -0.251 -35.356 -38.302 
Gloucester County, Virginia -0.759 -0.595 -1.353 -0.867 -4.077 -0.042 -0.376 0.037 -5.325 -6.678 
Isle of Wight County, Virginia -0.500 -0.587 -1.087 2.161 -1.400 -1.589 -0.345 -0.165 -1.338 -2.425 
James City County, Virginia -1.276 -0.607 -1.883 -3.461 -1.358 -2.462 -0.337 -0.136 -7.754 -9.637 
King and Queen County, Virginia -1.276 -0.481 -1.757 2.818 -0.113 1.410 -0.384 -0.364 3.367 1.610 
King George County, Virginia -1.793 -0.550 -2.344 -1.408 -3.070 -1.584 -0.363 -0.567 -6.992 -9.336 
King William County, Virginia -1.276 -0.558 -1.834 -0.579 -2.166 -1.115 -0.353 0.219 -3.994 -5.828 
Lancaster County, Virginia -1.017 -0.442 -1.459 2.277 1.422 4.722 -0.380 0.810 8.850 7.391 
Mathews County, Virginia -0.759 -0.342 -1.101 -0.634 -3.432 5.510 -0.388 0.541 1.597 0.496 
Middlesex County, Virginia -1.017 -0.357 -1.374 1.332 -1.631 6.403 -0.380 0.316 6.040 4.666 
New Kent County, Virginia -1.276 -0.565 -1.841 -1.427 -4.861 -2.729 -0.378 -0.829 -10.224 -12.064 
Northampton County, Virginia 0.018 -0.456 -0.438 10.408 7.830 1.374 -0.310 0.908 20.211 19.773 
Northumberland County, Virginia -1.017 -0.452 -1.469 3.202 0.304 6.075 -0.320 0.461 9.723 8.254 
Prince George County, Virginia -1.017 -0.564 -1.581 -2.432 -2.580 -4.682 -0.108 -3.345 -13.148 -14.729 
Prince William County, Virginia -2.311 -0.634 -2.945 -10.993 -6.660 -5.893 -0.227 -0.822 -24.595 -27.540 
Richmond County, Virginia -1.535 0.477 -1.057 2.260 -0.650 1.130 -0.363 -0.314 2.063 1.006 
Stafford County, Virginia -2.311 -0.632 -2.943 -5.635 -6.551 -3.581 -0.317 -1.320 -17.405 -20.348 
Surry County, Virginia -1.276 -0.288 -1.564 6.805 3.381 0.741 -0.262 0.170 10.836 9.272 
Westmoreland County, Virginia -1.535 -0.498 -2.033 4.475 1.777 3.436 -0.352 0.334 9.669 7.637 
York County, Virginia -0.500 -0.609 -1.108 -5.995 -4.413 -4.708 -0.284 -1.090 -16.491 -17.599 
Alexandria city, Virginia -2.311 -0.633 -2.944 -19.145 3.161 -5.073 -0.082 0.998 -20.141 -23.085 
Chesapeake city, Virginia -0.241 -0.627 -0.868 -2.786 -1.676 -3.246 -0.345 -0.141 -8.193 -9.061 
Hampton city, Virginia -0.759 -0.624 -1.383 -2.401 1.610 -3.785 -0.304 -0.142 -5.022 -6.405 
Newport News city, Virginia -0.759 -0.560 -1.318 -2.679 2.905 -3.252 -0.269 -0.273 -3.568 -4.886 
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Norfolk city, Virginia -0.241 -0.628 -0.869 -2.009 7.297 -2.430 -0.226 -2.127 0.505 -0.364 
Poquoson city, Virginia -1.017 -0.432 -1.449 -7.437 -8.117 -2.984 -0.380 -0.307 -19.224 -20.673 
Portsmouth city, Virginia -0.759 -0.619 -1.378 1.641 6.117 -1.548 -0.339 0.706 6.577 5.199 
Suffolk city, Virginia -0.500 -0.612 -1.112 2.293 3.507 -1.334 -0.362 0.605 4.709 3.597 
Virginia Beach city, Virginia 0.276 -0.631 -0.355 -11.169 -3.318 -4.676 -0.253 -0.857 -20.272 -20.627 
 
